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Abstract

Rock slope landslide potential, tunnel design, and the engineering of underground spaces
critically require an analysis of rock joint orientation and spacing. Joint set measurements
are typically determined by hand in the field using a compass—clinometer to measure
the orientation of the geologic planes with respect to north and the dip of the plane with
respect to the horizontal. Unmanned aerial vehicles (UAVs) can be utilized to capture
hundreds of photos to create high-resolution 3D models of a rock outcrop, capturing
visible joint set discontinuities on a faceted surface of a triangular irregular network
(TIN). Computing methods of facets and facet normals from a point cloud allow for the
characterization of discontinuity orientations without the need for manual measurements
in the field. However, these methods used to calculate facets and facet normals result in
the addition of noise in the dataset, which increases the difficulty of analysis. A two-stage
filtering process employing density-based spatial clustering of applications with noise
(DBSCAN), and the second derivative of the remaining clusters, removes data that are
not representative of a discontinuity within the intact rock mass. Finally, an unsupervised
clustering algorithm, K-Means Clustering, is applied to the dataset to extract the dip and
dip direction of discontinuities. The methodology used to identify the orthogonal joint sets
on a dam spillway demonstrated good performance across all identified joint sets, with
the estimated variability in dip and dip direction broadly comparable to that observed
in the manual field dataset. This indicates that this newly developed proof-of-concept
approach can reliably capture the orientation and variability of orthogonal joint sets from
large datasets.

Keywords: rock mechanics; kinematics; machine learning; unsupervised clustering

1. Introduction

Estimation of the potential of instability of rock masses is challenging, as strength is
not the most important factor. Rather, typically, the frictional properties of pre-existing
discontinuities control the deformation behavior of rocks. A variety of discontinuities
can be present in a rock mass including joints, faults, bedding planes, and fractures [1].
The presence of these discontinuities allows for movement at resistive strengths much
lower than the intact rock strength. Thus, frictional discontinuities and their orientations
often have greater importance than intact rock strength, which can affect engineering
design [2,3]. Therefore, understanding the properties of discontinuities such as roughness,
orientation, fill material, and spacing are vitally important. These characteristics can be
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difficult to measure since they need to be observed from natural outcroppings, boreholes,
or excavations [3]. These field properties are normally recorded manually with measuring
tapes, compass—clinometers, and hand lenses [4].

Characterizing rock masses and the properties of discontinuities is vital for many
aspects of geosystems engineering including slope stability, foundation design, mining,
seismic site response, and understanding groundwater flow and contaminant transport [5].
The properties of discontinuities are used as inputs for a range of analyses including rock
slope kinematic analyses, key block analysis, and discontinuous deformation analysis. It is
important to have representative data of the rock mass discontinuities for analysis, which
can be difficult to obtain. Collecting field data to characterize rock mass discontinuities
has many challenges including human bias in sampling measurements as well as access to
outcrops and rock faces. Manual field mapping can be costly and time-consuming [1].

New field data collection methodologies have been developed to help reduce the
challenges involved with characterizing rock masses. Scanline surveys were developed
to characterize the frequency and trace length of discontinuities and the rock quality
designation (RQD) of the rock mass [6]. Using techniques that provide a more complete
understanding of the rock mass, such as LIDAR, allows for a better understanding of the
natural variability of discontinuities. LIDAR produces detailed 3D point clouds that have
been used to extract discontinuity characteristics [7-9].

The use of unmanned aerial vehicles (UAVs) has become increasingly popular for
imaging rock outcrops. Hundreds of photos of the outcrop are processed by digital pho-
togrammetric methods to create detailed 3D models of the exposed rock surface through the
structure from motion (SfM) technique. The use of 3D models of outcrops from UAV data
has been used to produce point clouds in order to map discontinuity traces, spacing, and
frequency [9,10]. UAV data have also been shown to be effective at extracting discontinuity
spatial data when combined with infrared thermography, as it helps to evaluate persis-
tence and weathering of fractures and joint sets [11,12]. Other work has combined UAV-
collected data with machine learning algorithms to estimate the orientation and spacing of
joint sets [13-15].

This paper aims to create a proof-of-concept methodology that uses surface dip and
dip direction measurements from facets and facet normals collected by the SfM method
using UAVs to semi-automatically filter and extract the joint set information for orthogonal
joint sets in granitic outcrops. Filtering of the dataset to remove vegetation, blocks that have
been displaced, and noise was performed using a two-stage filtering process involving
density-based spatial clustering of applications with noise (DBSCAN) and the second
derivative of the clusters detected in DBSCAN. Unsupervised K-Means Clustering was
used on the filtered dataset to detect the number of joint sets at the site and the dip and dip
direction of each joint set.

The novelty of this methodology lies in the use of a two-stage filtering method to
remove noise in a very large dataset. With a dataset as large as one produced using UAV or
LIDAR, noise can be introduced into the data during data collection, data processing, or
from objects in the field that are not useful to the analysis, such as vegetation or concrete
walls. It can be difficult to isolate all sources of noise in the dataset using only one
stage of filtering.

The novelty of this methodology also introduces a step to account for the natural
variation in dip direction in steeply dipping joints, which is typically not addressed with
joint sets. Steeply dipping joints with dip directions around 0° and 360° have similar
orientations in geologic space but are treated as numerically separate in analysis. This is
accounted for in the “Same Cluster Rule” applied in Step 4 of the methodology.
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This methodology aims to address the challenges of manual field mapping by re-
moving human bias created from selective measurements in the field to better represent
the natural variability of joint set orientations found in nature and increasing the time
efficiency of collecting, processing, and analyzing the data. The methodology framework is
visualized in Figure 1.

Down-sample

Step 1:
Feature Standardize
Engineering

Shuffle

DBSCAN Filtering
Step 2:

Filtering Noise Removal

Cluster Threshold

Step 3 Spherical Clustering

Step 4 Apply Same Cluster Rule
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Direction
Step 5:

Validation
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Figure 1. Procedure for the determination of joint set orientations.

2. Materials and Methods
2.1. Data Collection

The rock discontinuity orientations were collected on a dam spillway of a concrete
gravity dam used for hydropower in Nevada County, California, USA. The dam is in
the Sierra Nevada Mountains with the purpose of water supply, recreation, and power
generation. This study was conducted on the auxiliary dam spillway composed of granite.
The spillway is subjected to episodic discharges from the reservoir and is actively eroding
with flooding events. The granite at this site has three major orthogonal joint sets. Figure 2
shows a plan view model of the spillway.

Figure 2. Plan view 3D model of the dam spillway in California. The area shaded represents the
point cloud selection for determination of joint orientation.
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Three datasets were measured on the spillway of Spaulding Dam. The first dataset
contained 100 measurements and was collected in September 2022 by 30 students in the
CE281 “Engineering Geology” course at the University of California, Berkeley. Students
manually measured the joint set orientations using the StereonetMobile 4.2 and Clino 3.1.3
apps on their smartphones. The stereonet and data with respect to dip and dip direction
are shown in Figure 3a,d.

Stereonet for Manual Dataset
¥

Stereonet for Facets Dataset
y

Stereonet for Normals Dataset
y

Normals Dataset
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Figure 3. Stereonets showing the pole concentrations of the joint sets with high density shown in
red and low density in gray for the (a) the manual dataset, (b) the facets dataset, and (c) the normals
datasets with the data with respect to dip and dip direction for (d) the manual dataset, (e) facets
dataset, and (f) facet-normals dataset.

The second and third datasets were collected using an unmanned aerial vehicle (UAV).
The UAV flown was a DJI Mavic 2 Pro (DJI, Shenzhen, China) with the image collection
parameters shown in Table 1. The Mavic DJI camera lens (DJI, Shenzhen, China) was
calibrated to remove spherical distortions.

Table 1. UAV Data Collection Parameters.

Setting Type Setting Parameter

Georeferencing RTK GPS with Position Accuracy of ~10 mm
Flight Altitude 20, 40, and 60 m

Front Image Overlap 80%

Side Image Overlap 75%

Function of distance away from the laser scanner but

Point Density of Scanner typically below ~10 mm

The data were processed using Bentley’s Context Capture version 23.00.001317 fol-
lowing the methodology described in [9]. CloudCompare v2.6.2 [16] was the open-source
program used to produce facets and facet normals from point clouds of the spillway rock
mass. From the point cloud produced by the StM method, a triangular irregular network
(TIN) was produced using point triangulation. Then, the facet surfaces were extracted
using the kd-Tree (Octree method), and their normals represent the TIN. The facets and
facet normals represent the surfaces of all the exposed materials at the site, including
rock outcrops, vegetation, detached blocks, and noise. The dip and dip directions of all
the surfaces were exported and plotted as stereonets, shown in Figure 3b,c. The facets
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dataset contained 6727 data points while the normal dataset produced from the point cloud
contained 275,426 data points.

2.2. Machine Learning Methods

Two unsupervised machine learning models were used in this methodology. The first
was DBSCAN. This is a density-based clustering algorithm which groups high-density
regions surrounded by low-density regions as clusters. One of the advantages of this
method is that clusters can have arbitrary shapes and sizes.

This algorithm has two hyperparameters that need to be defined first. The hyperpa-
rameters characterize the density of points needed to be classified as a cluster. The first
hyperparameter is ¢, which represents the radius of the neighborhood to check for density.
The second hyperparameter is minPts, which represents the number of points needed to be
in the neighborhood defined by ¢ to be classified as a cluster. The minPts hyperparameter
is defined as double the dimensionality of the dataset [17]. Since this dataset contained
only two variables, dip and dip direction, the minPts parameter was set as 4. The ¢ hyper-
parameter is determined through an elbow rule where the average Euclidean distance (E)
between each point in the dataset is calculated to its nearest neighbor through Equation (1):

E=y0e - x)? + (v, — v1)% M)

where x; and yj are the coordinates of the first point, and x; and y; are the coordinates of
the second point.

The elbow rule is visualized by first sorting the average distances in ascending order
and plotting them with respect to €. The inflection point in the graph determines the
optimal ¢ value [18].

The second unsupervised machine learning model used in this methodology was
K-Means Clustering. K-Means Clustering is a distance-based algorithm which groups
data into clusters based on how close data points are to a centroid. The algorithm inputs
used in this study included k-means++ for the method of initialization to select the initial
cluster centers, 300 maximum iterations, 10 as the number of initializations with different
centroid locations, and a random seed of 252. This algorithm has one hyperparameter, k,
which defines the number of clusters used in the analysis. The k parameter was determined
through two methods, the elbow rule and the silhouette rule, as shown in Figure 4. The
elbow rule for K-Means Clustering is calculated as the within-cluster sum of squares (WCSS)
for a variety of clusters using Equation (2):

1 —N
Wess = ) B )

where N is the total number of points within a cluster [19]. The optimal cluster is chosen at
the maximum curvature of the plot.

The silhouette rule is another method for determining k. This rule calculates a silhou-
ette average (S) through Equation (3) [20]:

b(i) —a(i)

" max{a, b} o

where i represents a data point, a(i) is the average distance between i and all other data
points in a cluster which is part of i, and b(i) is the average distance to the closest cluster of
which i is not a part of. The average distance was calculated using the Euclidean distance.
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Figure 4. Clustering hyperparameter optimization showing the (a) elbow rule and (b) the silhouette rule.

The silhouette average ranges between —1 and 1 and represents how similar data
points are within a cluster compared to data points in the other clusters, with a value of
1 being ideal. The optimal k is chosen as the cluster that maximizes the silhouette average.
All machine learning algorithms were written in Python 3.12 using the SciKit Learn 1.7.0
libraries for K-Means and the silhouette score [21]. The results of the machine learning
algorithms were displayed on stereonets using the Mplstereonet 0.6.3. Python library [22].

3. Results and Discussion
3.1. Step 1: Feature Engineering

Raw datasets created from UAV data collection methods can contain hundreds of
thousands of data points. Large datasets can be challenging to work with, as they are
computationally expensive in terms of storage as well as the reduction in data visualization
and interpretation. To reduce these effects on the methodology, feature engineering is
needed. Feature engineering is the process of manipulating data to be usable inputs into
machine learning algorithms and may include sampling data, standardizing or normalizing
data, selecting features for analysis, or removing data from the dataset.

One feature engineering method used in this procedure was down-sampling on the
normals dataset. With over 250,000 data points, the algorithms were slow to run and
would crash when there was not enough memory. To reduce the computational cost, the
normals dataset was down-sampled by randomly removing data points. The number of
data points removed was analyzed by creating datasets that contained 2.4% to 40% of the
original dataset.

Removing data points allowed for a significant decrease in runtime of the methodology
while not affecting the hyperparameter optimization of the number of clusters needed for
the analysis. Using the full dataset resulted in the code crashing due to computer memory
issues. By randomly removing 60% (165,256) of the data points using a random seed of
65, the methodology successfully completed in 2 h. To understand how down-sampling
affected the performance of the methodology, the bias and dispersion of the distribution of
the dip and dip direction were calculated between the manual, or reference, dataset and
the down-sampled datasets. The bias of the distribution represents the lateral shift between
the distributions and was calculated using Equations (4) and (5):

Ri = Zi - anown,ir (4)
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where R; is the residual and compares the known value (Zynown,i) of the reference dataset
with the modeled value (Z;) of the facet and normals datasets:

R.
=3 (5)

where n is the number of points in the dataset, and p is the mean of the residuals and
represents the sample bias. When the bias is large (positive or negative), there is a greater
lateral shift between the distributions being compared.

The distributions between the reference and modeled distributions can also be evalu-
ated based on the dispersion. The dispersion describes how similar the spread of values is
between two distributions and is calculated using Equation (6):

where o is the standard deviation of the residuals and represents the dispersion between
the reference and modeled distributions.

Equations (4) through (6) were applied to the dip and dip direction probability density
functions for each joint set from the manual dataset as well as the probability density
functions for the normals dataset when removing 60% of the data and 97.6% of the data.
The comparison between the bias and dispersion (in degrees) between the manual dataset
and the normals dataset is summarized in Table 2, with the probability density functions of
dips and dip directions shown in Figure 5. Table 2 also shows the bias and dispersion for
each cluster normalized to 90° for the dip and 360° for the dip direction.

Table 2. Bias and Dispersion when Down-Sampling.

Cluster 1 Cluster 2 Cluster 3
u ) o (%) u(®) o (°) p () o (°)
Dip
60% 0 8 —15 12 12 8
97.6% 0 9 —13 12 11 9
Dip Direction
60% —23 34 —36 39 9 81
97.6% —25 36 -30 38 9 80
Normalized for Dip and Dip Direction
n(=) o () u(=) o (=) u(=) o (-)
Dip
60% 0.00 0.09 —0.17 0.13 0.13 0.09
97.6% 0.00 0.10 —0.14 0.13 0.12 0.10
Dip Direction
60% —0.06 0.09 —0.10 0.11 0.03 0.23
97.6% —0.07 0.10 —0.08 0.11 0.03 0.22

With respect to dip, the methodology produced relatively low bias across all three
clusters in both down-sampled datasets. Cluster 1 had no bias (0°) in either dataset, indicat-
ing that its mean dip matched that of the reference dataset. Cluster 2 showed a consistent
negative bias, —13° and —15°, suggesting a slight underestimation in the dip, while Cluster
3 had a positive bias that ranged from 11° to 12°, reflecting a slight overestimation in the
dip. Dip dispersion values ranged from 8° to 12° across all clusters, showing moderate
variability in the estimated orientations. These wider spreads are expected, as collecting
UAV-based data will capture all surfaces, unlike manual measurements, which are limited
to more accessible rock exposures.
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Figure 5. Comparison of dip and dip direction probability density functions for each joint set between
the manual (reference) datasets and the down-sampled datasets: (a) comparison of dip for joint set
1, (b) comparison of dip for joint set 2, (¢) comparison of dip for joint set 3, (d) comparison of dip
direction for joint set 1, (e) comparison of dip direction for joint set 2, (f) comparison of dip direction

for joint set 3.

The dip direction showed greater variability than dip. Cluster 3 had the lowest bias
with 9° across both datasets but the largest dispersion (80-81°), which suggests that Cluster
3 was centered around the mean of the reference dataset but had higher variability in dip
direction. Clusters 1 and 2 had larger biases in the range of —23° to —36°, indicating greater
underestimation of dip direction, but had lower dispersions of 34° to 39°. Even though
clusters 1 and 2 showed greater bias, their orientations were more tightly distributed than
those of Cluster 3.

The 60% and 97.6% down-sampled datasets produced similar bias and dispersion
values for both the dip and dip direction. Differences in bias between the datasets showed
a maximum of 2° for dip and a maximum of 6° for dip direction. The differences in
dispersion were a maximum of 1° for dip and a maximum of 2° for dip direction. These
minimal differences between down-sampled datasets indicate that randomly reducing the
size of the dataset does not significantly affect the identification of joint sets, supporting
the robustness of this method across different data densities.

After the dataset was down-sampled, the next step in feature engineering was to
randomly shuffle the dataset. Shuffling the dataset removes implicit bias created with the

development of the dataset, which allows for a more robust methodology.
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After the shuffling, the next step was to standardize the dataset. Standardization

(X) of the data was done using the mean and standard deviation (std) of the dataset
through Equation (7):

X — mean

_— 7

sd (7)

where X is a single point in the dataset. Standardizing creates a new dataset with a mean

X:

of zero and a standard deviation of 1. This is a useful feature engineering tool when
more than one variable is used in the analysis, as it reduces the bias towards variables at
different scales.

The methodology was tested on the facets and normals datasets with and without
standardization on datasets with 60% and 97.6% of the data points removed (from the
normals datasets only) to understand how standardizing affected the joint orientation
classification results.

When standardizing both the facets and normals datasets, regardless of down-
sampling, the joint set orientations were grouped into three clusters which had similar
orientations to the manual dataset.

When standardization was not applied, the facets dataset produced three joint set
orientations while the normals dataset, regardless of down-sampling, produced four joint
set orientations. The fourth joint set in the raw dataset from the normals dataset had a
median dip of 33° and a median dip direction of 333°, depicted in purple in Figure 6a.

Down-sampled Filtered: 55k Points Standardized Down-sampled Filtered: 55k Points
[ 0

@ Cluster1

@ Cluster2

180° @ Cluster3 2800
@ Cluster4

(a) (b)

Figure 6. Comparisons between the methodology using raw data and the standardized data for
the normals dataset showing (a) cluster variability using raw data and (b) cluster variability using
standardized data.

Figure 6a,b also show the disappearance of the green cluster on the opposite side of
the stereonet when standardization was not applied to the normals dataset, for all down-
sampling datasets. It was assumed for this methodology that if data were on opposite sides
of the stereonet, the data would be within the same cluster to account for natural variation
in the joint orientation dip direction. The process of this rule is discussed in more detail in
Step 4: Same Cluster Rule.

3.2. Step 2: Filtering

Filtering the dataset is an important step in this procedure as it prepares the dataset
for identifying joint set orientations. This procedure uses a two-step filtering process. The
first step is to use DBSCAN to filter the data based on density, defined by the optimized ¢
and minPts. For this study, the hyperparameters used for DBSCAN filtering are included
in Table 3.
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Table 3. Hyperparameters for DBSCAN Filtering.

Dataset minPts €
Facets 4 0.045
Normals (60%) 4 0.015
Normals (97.6%) 4 0.06

Using a density-based filtering method is beneficial, as it assumes that a high-density
area of data points represents a known joint surface while a low-density area of data points
represents other surfaces at the site that do not repeat extensively such as vegetation or
blocks that have been displaced.

The feature engineered dataset is fed into the DBSCAN algorithm to separate each
point into a cluster or an outlier, as shown in Figure 7a. The data points that are colored
were assigned clusters from DBSCAN while the gray data points were assigned as outliers
or noise. The first stage of filtering removes all data points that are classified as outliers.
This stage of filtering removes most of the random noise in the dataset that represents
surfaces captured by the UAV that are not extensively repeating surfaces.

20

Down-sample: 55k Points Down-sampled Filtered: 55k Points
350 ]
300 b
. r B
b4 250
®  Clusters <
o c
£ 200 1 @ Retained
X Outlier § ® Filtered Out
5 r B
2 150
(=]
100 f ]
50 | ]
of ]
60 80 0 20 40 60 80

Figure 7. Two stages of filtering: (a) DBSCAN filtering removing the outlier points, shown in gray
with clusters highlighted as colors and (b) second derivative filtering removing extraneous clusters,
shown in gray with the retained clusters shown in purple.

The data points that are classified into a cluster that satisfy the minPts requirement in
DBSCAN undergo the second stage of filtering. This stage of filtering is necessary because
the DBSCAN filtering does not remove all the noise. The lower clusters from DBSCAN,
shown in purple in Figure 7a, represent the higher density areas in the dataset. As a result,
the lower numbered clusters are where the known joint orientation information is stored.
To determine which clusters represent joint set orientation information and not noise, the
number of data points in each cluster was summed and represented in a histogram, shown
in Figure 8a.

The histogram in Figure 8a shows that the count of clusters exponentially decreases
with increasing cluster number, with most of the data falling within the lower numbered
clusters. In the case of Figure 8a, most of the data falls within clusters 1 through 15. Above
cluster 15, very few data points are assigned to that cluster, representing a low density of
data points and hence not a real joint set.

A threshold is needed to determine which cluster represents real joint information versus
noise. The threshold chosen needs to represent where clusters have a high count compared to
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where clusters have a low count. Many methods were explored to determine an appropriate
threshold. The results of these thresholds are shown on a stereonet in Figure 9.

Histogram of Cluster Labels
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Figure 8. (a) Histogram of cluster numbers from DBSCAN shown as red bars and (b) cumulative
sum of the histogram counts, shown in black, showing different elbow picks for noise threshold.
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Figure 9. Stereonets showing clusters from (a) 1 STD from the median threshold, (b) a threshold that
contained more than 10% of the cluster information, (c) cluster 8 threshold, (d) cluster 10 threshold,
and (e) cluster 15 threshold.
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The different thresholds that were looked at included the following:

e  Using one standard deviation from the mean or median, shown in Figure 9a. This did
not remove enough noise from the dataset, and when two standard deviations away
from the mean or median were used, too much information was removed.

e  Arbitrarily choosing a threshold based on counts in a cluster. For example, only
clusters that contained more than 10% of all the data points would be considered real
joint information. This method introduced bias and resulted in significant amounts of
information loss, as shown in Figure 9b.

To determine the threshold, the cumulative sum of the counts of each cluster was
calculated, shown as the solid black line in Figure 8b. The cumulative sum line is steep
at low cluster numbers and then flattens out with increasing clusters. The threshold
that separates real joint information from noise is chosen at the elbow, or the point of
maximum change in slope of the cumulative sum as it separates clusters with high counts
and low counts.

The elbow of the cumulative sum is found by calculating the second derivative of the
cumulative sum line. Next, the angles between consecutive line segments are calculated.
These angles represent the changes in slope of the cumulative sum line. Calculated angles
that have high values represent significant changes in the slope of the cumulative sum
line. These angles represent the elbow in the cumulative sum line and should be chosen
for the threshold.

The cumulative sum line is made from discrete counts of clusters. As a result, when
the angles are calculated between adjacent line segments, many angles with high values can
emerge. Figure 8b shows three possible thresholds based on angles with high values. They
are located at cluster number 8, cluster number 10, and cluster number 15. The thresholds
are selected somewhat arbitrarily by the user; therefore, some judgment is needed.

Once the threshold is applied to the dataset, the remaining noise in the dataset is
removed, as shown in Figure 7b. The data points that were retained are shown in purple,
while the data points that were filtered out between the two stages of filtering are shown in
gray. When compared to Figure 7a, the second stage of filtering removed the data points
that were clusters with low-density points.

3.3. Step 3: Clustering

With the noise filtered out, the next step of the process is to identify the joint sets in
the dataset. Joint sets are defined by dips and dip directions in the 2D space. As a result,
dips and dip directions can be used to separate different joint sets. This was done in this
procedure through the unsupervised clustering algorithm, K-Means Clustering.

K-Means Clustering first involves optimization of the hyperparameter, k, through the
elbow rule or silhouette rule, as discussed in the Machine Learning Methods section. The
dataset that has undergone feature engineering and filtering should be used to optimize k.
The optimized hyperparameters for the facets and normals dataset are presented in Table 4.
The optimized k, dip, and dip direction after the two-stage filtering process are used as the
inputs into the K-Means Clustering algorithm.

Table 4. Optimized Hyperparameters for Clustering.

k—Elbow Rule k—Silhouette Rule
Facets Dataset 4 4
Normals Dataset (60% Reduction) 4 4
Normals Dataset (97.6% Reduction) 4 4
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When the data are clustered, each data point will be assigned a numerical value
ranging from 1 to k, in increments of 1. These values represent the cluster the data point is
assigned to. The number of clusters the data will be sorted into is defined by the optimized
k. These assigned clusters represent different joint sets found in the rock, as all points in a
singular joint set have similar dip and dip direction properties.

3.4. Step 4: Same Cluster Rule

The clusters can be represented on a stereonet to graphically represent the dip and
dip direction of each cluster, shown in Figure 10a, based on the clustering. Each joint set is
represented by a different color. The first joint set is represented by the red points and has a
mean dip of 28° with a standard deviation of 12° and a mean dip direction of 141° with a
standard deviation of 13°. The second joint set, represented by the blue points, has a mean
dip of 68° with a standard deviation of 6° and a mean dip direction of 319° with a standard
deviation of 13°. The third joint set, represented by the green points, has a mean dip of
63° with a standard deviation of 22° and a mean dip direction of 222° with a standard
deviation of 14°. A fourth joint set was identified and represented by the purple points.
This joint set has a mean dip of 79° with a standard deviation of 5°, a mean dip direction of
037°, and a standard deviation of 6°.

Before Same Cluster Rule After Same Cluster Rule

® Cluster 1
@ Cluster 2
® Cluster 3

® Cluster 4 (merged 180°
with Cluster 3) (b)

Figure 10. Same Cluster Rule comparison: (a) before the Same Cluster Rule was applied and (b) after
the Same Cluster Rule was applied.

Due to the natural variation in dip and dip direction of joint sets in rock, a steeply
dipping joint set may have some joint dip directions dipping in the opposite direction.
These steeply dipping joint sets would appear around the edge of the stereonet, 180° apart
in dip direction. This is evident in Figure 10a. Joint set 3 and joint set 4 are steeply dipping
with dip directions roughly 180° apart. It is assumed that these two clusters are part of the
same joint set. To account for this, a rule can be applied to merge the two clusters together.
The steps to the Same Cluster Rule are outlined in Figure 11.

Clustered data allow us to calculate the median dip and dip direction of each grouping.
For every combination of clusters, the dip directions will be subtracted to determine which
are 180° apart. To account for natural variability in rock, the standard deviation of the dip
direction is used to assess if the clusters are 180° apart. If the clusters are either less than
180° apart or greater than 180° apart, those two clusters are not combined.

If the two clusters are found to have dip directions within 180° of each other, the dips
are checked to see if they are steeply dipping. It was assumed that joints dipping 65° or
greater are dipping steeply. This cutoff was based on field experience at the site with the
dipping discontinuities in the outcrop. The cutoff can be changed based on knowledge of
the local geology.
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Calculate median dip and dip direction of each
cluster.

l

For every combination of clusters, subtract the
dip directions.

Is the subtracted dip direction = 180° +/-
standard deviation?

They remain separate Do both clusters have dips
clusters. >=65°?

Change the cluster numbers of one cluster to
match the other.

Figure 11. Same Cluster Rule procedure.

In the rule, if both clusters do not show steep dips, the clusters remain as separated
joint sets. If both clusters were found to be steeply dipping, the clusters were combined
into one, as it was assumed they represent the same joint set.

The stereonet from Figure 10a after the Same Cluster Rule was applied to the data is
shown in Figure 10b. When compared to the original clustering, the cluster that represented
a dip of 79° and a dip direction of 037° merged with the cluster with a dip of 63° and dip
direction of 222°. A total of three joint sets were identified in the dataset that was collected
manually. After the Same Cluster Rule is applied, the median and standard deviation of
the dip and dip direction of each cluster can be used to describe the joint set orientations.

3.5. Step 5: Validation

To validate the methodology, the clustering results from the facets and normals dataset
were compared to the dip and dip direction distributions from the manual dataset. The
manual dataset was considered as the field reference dataset, as it contains known joint
sets measured in the field. Comparing the results from the facets and normals datasets
with the results from the manual dataset can be used to understand how well the joint set
identification methodology worked. To understand how similar the distributions of dip
and dip direction from the modeled and reference datasets were, the bias and dispersion
were calculated using Equations (4) through (6). The comparison between the bias and
dispersion for the manual dataset and the facets and normals dataset (97.6% of the data
removed) is summarized in Table 5 with the probability density functions of dips and dip
directions shown in Figure 12. Table 5 also shows the bias and dispersion for each cluster
normalized to 90° for the dip and 360° for the dip direction.

There were varying levels of bias and dispersion across the three clusters when
comparing the facets dataset and the normals dataset. Overall, when analyzing the dip of
the joint sets, the facets dataset tends to have higher dispersion than the normals datasets,
resulting in more variability in the dataset compared to the reference dataset. In contrast,
the facets dataset had lower bias than the normals dataset, except for cluster 1. Even
though in cluster 1 the normals dataset had the lower bias, there was only a 3° difference.
This shows that the facets dataset provided more consistent dip estimates even with the
larger variability.
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Table 5. Bias and Dispersion for the Facets and Normals Datasets.
Cluster 1 Cluster 2 Cluster 3
u ) o () u () o (°) p () o (°)
Dip
Facets 3 14 -8 16 4 16
Normals (97.6%) 0 9 —13 16 11 9
Dip Direction
Facets —4 23 —-22 24 —27 84
Normals (97.6%) —25 36 -30 38 9 80
Normalized for Dip and Dip Direction
=) o(-) u(-) o(-) n(=) o(-)
Dip
Facets 0.03 0.16 —0.09 0.18 0.04 0.18
Normals (97.6%) 0.00 0.10 —0.14 0.18 0.12 0.10
Dip Direction
Facets —0.01 0.06 —0.06 0.07 —0.08 0.23
Normals (97.6%) —0.07 0.10 —0.08 0.11 0.03 0.22
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Figure 12. Comparison of dip and dip direction probability density functions for each joint set
between the reference dataset and the facets and normals dataset: (a) comparison of dip for joint
set 1, (b) comparison of dip for joint set 2, (¢) comparison of dip for joint set 3, (d) comparison of
dip direction for joint set 1, (e) comparison of dip direction for joint set 2, and (f) comparison of dip
direction for joint set 3.

For the dip direction, the facets dataset tends to have lower bias and dispersion
compared to the normals dataset, except for cluster 3. For cluster 3, the difference in
dispersion is negligible with a difference of 4°, while the bias shows a difference of 36°
between the facets and normals datasets. This could be attributed to cluster 3 having
the most geometrically complex joint set with the highest variability. Cluster 3 is repre-
sentative of the joint set with a mean dip of 66° with a standard deviation of 21° and a
mean dip direction of 182° with a standard deviation of 78°. This is the cluster that is
characterized by a steeply dipping joint set that was combined using the Same Cluster Rule
described in Step 4.
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The methodology used to identify the joint sets in both datasets demonstrated good
performance across all clusters, as evidenced by consistently low bias and dispersion in
both dip and dip direction. Natural joint sets inherently have substantial variation in
orientation; as a result, some degree of bias and dispersion is expected. At the site, the
manual dataset indicates a natural variation in dip and dip direction, respectively, of 12°
and 13° for cluster 1, 6° and 12° for cluster 2, and 21° and 73° for cluster 3. The observed
variation in dip and dip direction across all three joint sets is comparable to the degrees
of bias and dispersion calculated in this study. This indicates that this newly developed
proof-of-concept approach can reliably capture the orientation and variability of orthogonal
joint sets in granitic outcrops.

4. Limitations and Future Work

The methodology proposed in this study was a proof-of-concept algorithm that
showed how large datasets from LIDAR or UAVs can be processed to detect joint set
orientations in rock outcrops. This study was conducted using only one site that contained
orthogonal joint sets in granite.

Future directions for this study include applying this methodology to other ge-
ological settings with discontinuities. Using the different geologic settings stated be-
low with this proposed methodology would provide an additional source of validation
for the methodology.

The proposed methodology should be tested on geologic sites that are required to be
mapped for stability analysis, including:

e  Rock outcrops along roadways and railways.
e  Shorelines.
e  Tunnel walls and underground excavations.

This study should also be replicated in rock masses with variably oriented discontinu-
ity sets such as:

e  Sedimentary rocks with bedding and joint sets.
e  Metamorphic rocks with wavy or banded foliation.
e Igneous rocks with exfoliation jointing or stress fractures.

Since the proof-of-concept methodology was tested for only one site, the current
threshold for defining a steeply dipping discontinuity is based on the joint sets on the dam
spillway. Recommended future work for this step would include compiling discontinuity
orientation information from a variety of geologic sites under a variety of geologic con-
ditions and performing a sensitivity analysis to choose an appropriate threshold for the
majority of geologic conditions.

Other future work that can supplement this study include changes to the procedure
developed including;:

e  Using other means to analyze the angular joint set orientation data such as repeating
the study using the poles of the joint sets or Spherical K-Means Clustering.

e Developing a procedure to automatically select the DBSCAN filtering threshold for
removing noise based on the second derivative of the cumulative sum of the count of
data points in each DBSCAN cluster.

5. Conclusions

The dip and dip direction of joint sets are characterized using the machine learning
procedures DBSCAN, taking the second derivative of the remaining clusters, and K-Means
Clustering. The procedure starts with feature engineering, which involves down-sampling
the dataset and standardizing the dip and dip directions. The size of down-sampling has
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little effect on the robustness of the methodology to identify joint sets. Next, a two-stage
filtering process using DBSCAN and the second derivative of the remaining clusters is used
to remove noise in the dataset caused by surfaces that are not intact discontinuity planes.
Finally, the procedure uses clustering, K-Means Clustering, to assign each data point to a
cluster that is representative of a joint set in the outcrop. The number of clusters found
corresponds to the number of joint sets in the rock. The bias and dispersion for the normals
and facets datasets were calculated with respect to the manual dataset for each cluster. The
bias and dispersion for the dip and dip direction for each joint set were comparable to
the large variability observed in the manual field dataset, indicating that the probability
density functions of the modeled datasets were unbiased. These results indicate that this
proof-of-concept methodology is an efficient way to characterize orthogonal joint set data
in granitic outcrops from large datasets collected by UAVs while removing the human bias
accompanied with manual measurements in the field and increasing the representation of
natural joint variability in nature.
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RQD Rock quality designation
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WCSS Within-cluster sum of squares
S Silhouette average
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