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ABSTRACT

Relationships between rockfall and weather have been the focus of considerable
research over the last several decades, yet variations in these relationships have been
identified in different studies. Many of these studies have also been limited with respect
to the quantification of rockfall volume and in their capacity to study multi-year trends
and conditioning factors due to relatively short study periods. As such, this study utilizes
high temporal frequency remote sensing methods to develop rockfall databases for two
slopes West of Denver, Colorado. Data sources include 5.5 years of terrestrial lidar data
collected every two to three weeks at a rock cut slope named Floyd Hill and several
months of daily SfM photogrammetry models developed from a fixed-site
photogrammetry station, named the Idaho Springs Site. These data were processed
into rockfall databases for each rock slope, which were then used to analyze the

relationship between rockfall and weather at a variety of time scales.

Based on the analysis of the Floyd Hill data, an annual rockfall cycle was
interpreted where surficial rock material is weakened each Winter by freezing
processes, large amounts of rockfall occur in the Spring as a result of the slope thawing
out, elevated rockfall continues over the Summer as surficial rocks destabilized by
freezing processes in the previous Winter are fully dislodged by triggering factors (e.g.
precipitation), and rockfall activity significantly reduces in the Fall because there are
fewer unstable blocks available to fall. This proposed cycle is supported by the air
freezing index recorded for a given Winter correlating well with the logarithm of the

arithmetic mean of rockfall volume in the following Spring-Fall, and a lack of correlations



between the precipitation and the logarithm of total rockfall volume within the same
scanning intervals during Summers. The importance of precipitation as a triggering
factor for individual rockfall events over the Summer, however, is clear from the analysis
of the Idaho Springs data, where each interval during which rockfall was detected was

also found to contain precipitation.
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CHAPTER 1

INTRODUCTION

1.1 Background

Over the past five years, the computational geomechanics research group at the
Colorado School of Mines has collected large amounts of high temporal resolution
terrestrial laser scanning (TLS) lidar data at multiple rock slopes across Colorado.
Additionally, a fixed site photogrammetry site was established by Kromer et al. (2019)
that utilizes daily photos from five cameras to develop structure from motion (SfM)
photogrammetric slope models. The availability of these data sources allows for detailed
analysis of rockfall processes, as the volumes and locations of rockfall events can be
determined from point cloud data, and high temporal resolution data collection allows for
the specific times of rockfall occurrence to be estimated with relatively high precision.
The primary goal of this research is to utilize data collected through these means to
characterize rockfall activity and identify and evaluate relationships between weather

patterns and rockfall.

1.1.1 Importance of Rockfall Studies

Rockfall is a type of mass wasting event where an individual rock block or
several rock blocks detach from a rock slope along discontinuities and travel downhill
before coming to rest at the base of the slope (Cruden and Varnes, 1996). It can be
argued, however, that unlike other mass wasting events, such as landslides and debris
flows, the triggering mechanisms that cause rockfall to initiate may not be as well

understood. Debris flows require obvious triggering mechanisms, namely rainfall and/or



snowmelt to initiate (Coe and Godt, 2003; Pastorello et al., 2020), while rockfalls may
be caused by less obvious triggering mechanisms or through the gradual progression of
conditioning factors (Marquinez et al, 2003; Fanos and Pradhan, 2019) over long
periods of time. Landslides can sometimes be studied over long periods of time, as their
rates of movement allow for the installation of instrumentation to analyze the effects that
different conditions have on landslide activity (White et al., 2003; Fastellini et al., 2011,
Booth et al., 2020). Rockfall, however, can less frequently be monitored in this fashion,
as often rock blocks show little to no measurable movement prior to dislodging from the

slope as rockfall (Kromer et al., 2018).

For these reasons, it may be argued that rockfall is a less well understood
phenomenon than debris flows and landslides, but like these other two phenomena, it
poses significant risks to society as a whole. Rockfall is a known hazard that can pose
great risks to infrastructure, mining operations, public safety, and commerce, both in
terms of physical damages and injuries, and due to delays and lost time. Exposure to
these risks is becoming more frequent, as populations continually expand into areas of
higher risk due to lack of available land for development in safer areas (Dessenberger
and Harrison, 2003). A greater understanding of rockfall has the potential to contribute

to reducing the risk it poses as a natural hazard.

1.1.2 Creation of Rockfall Databases

In order to understand rockfall behavior and come to conclusions regarding
weather/rockfall relationships and other slope dynamics processes, rockfall databases
are often created. These rockfall databases contain information regarding an estimate

(or exact time, if known) of when each rockfall occurred, an estimate of how large each

2



rockfall was, and information about where each rockfall originated. Estimating the time
of a r ooccukréneelahddtsvolume is often challenging. Data must be collected
very frequently in order to precisely estimate the time of a rockfalls occurrence (Kromer
et al., 2017; Williams et al., 2018), or back calculations are required to estimate the time
the rock detached from the slope (Bull, 2009; Stock et al., 2012). Volume estimation
may be challenging, as rocks can break apart into smaller pieces as they travel down
the slope, resulting in potential volume underestimation or counting multiple fractured
pieces of a single rockfall as multiple rockfalls. Methodologies used to assemble rockfall

databases in the past have included but are not limited to the following:

1 Manually collecting and measuring fallen rocks periodically from a predefined
area at the base of a slope (Douglas, 1980; Matsuoka and Sakai, 1999; Imaizumi
et al., 2020).

9 Utilizing photographic methods such as time-lapse photography, stereographic
pairs, and aerial image analysis to manually identify changes in rock slopes
(Frayssines and Hantz, 2006; Zwissler et al., 2013; Matsuoka, 2019).

1 Utilizing dendrochronology to analyze historical seasonal or yearly trends in
rockfall activity (Stoffel et al, 2005; Perret et al., 2006; Zielonka and Wronska-
Walach, 2019; Imaizumi et al., 2020).

1 Reviewing rockfall reports and documentation created by transportation
authorities and other governing bodies (McCauley et al., 1985; Delonca et al.,

2014; Pratt et al., 2018; Bajni et al., 2021).



These and other studies have progressed the field of rockfall research, but the
methods used have been limited by potentially imprecise evaluations of when the

rockfall occurred and/or estimations in rockfall volume.

Advances over the last 10 years in remote sensing methodologies, however,
have provided means to develop improved estimates of rockfall volumes and time of
occurrence. Terrestrial laser scanning (TLS) and photogrammetric methods have both
made significant progress for the purpose of analyzing rock slopes and extracting
rockfall volumes (James and Robson, 2012; Abellan et al., 2014; Strunden et al., 2015;
van Veen et al., 2017; Williams et al., 2018; Kromer et al., 2019). Additionally, advances
have been made in the development of workflows and methodologies that allow for
more efficient processing of raw lidar and photogrammetric data both through individual
studies (Lague et al., 2013; Tonini and Abellan, 2014; van Veen et al., 2017; Bonneau
et al., 2019; Kromer et al., 2019; Schovanec et al., 2021) and through the development
of software (e.g. CloudCompare) and processing tools such as those in the Point Cloud
Library (PCL) (Ruso and Cousins, 2011). These advances have collectively made it
possible to both more accurately estimate the volume and time of occurrence for a

given rockfall and to compile large scale rockfall databases spanning multiple years.

Developing rockfall databases is of great importance, as they allow for an
understanding of how rock slopes evolve through time, typical ranges for rockfall
volumes to be constrained, and/or an indication as to what times of the year have
increased rockfall activity (if any). This information is important to transportation
authorities, mines, and land developers as it provides information required for a number

of engineering tasks. These can include identifying slopes with higher rockfall activity



and potentially higher rockfall risk, developing a rockfall mitigation strategy, locating
certain areas of a rock slope where rockfall may be more common, and predicting how
other slopes with similar lithology and fracture geometries might behave. Developing a
rockfall database also provides critical data for evaluating correlations between rockfall
activity and other factors, such as weather (as this thesis will discuss), seismicity,

anthropological influences, and other potential rockfall triggering or conditioning factors.

1.1.3 Rockfall and Weather Analyses

Many existing studies have been conducted to examine relationships between
rockfall and weather variables. These studies have differed in the methodologies used
to create rockfall and weather databases, the rockfall and weather variables being used
for analyses, the time periods being observed, and the amounts of rockfall detected.
The end objective, however, is often the same: to understand the relationships between
rockfall and environmental triggers and to establish correlations that may be used to

forecast future rockfall activity based on current/past climate/weather conditions.

Two common weather variables analyzed for potential correlations with rockfall
activity include precipitation and freeze-thaw metrics. Precipitation, either maximum
total amount or intensity over certain time periods, has been shown to possess strong,
positive correlations wi t h r ockf al | (Del onca et al ., 2014
Wronska-Walach, 2019; Matsuoka, 2019; Baniji et al., 2021). Strong, positive
correlations have also been found between freeze-thaw metrics and rockfall. Freezing
and thawing of water within the joints of rockmasses and thermal expansion and
contraction of rock has been identified as a phenomenon that promotes crack

propagation, destabilization of rocks, and, given enough time and/or the correct

5



conditions, the initiation of rockfall (Walder and Hallet, 1985; Tharp, 1987; Matuoka,
1990). Several studies have found significant correlations between the number of
freeze-thaw cycles over a specified period of time and rockfall activity (Douglas, 1980;
Struden et al ., 20 1Pattetldld 2008aBajoi etalt, 2021). Whil€ 0 1 6 ;
the number of freeze-thaw cycles is a common metric analyzed, other freezing metrics
have also been found to correlate well with rockfall activity. For example, significant
amounts of rockfall have been associated with the annual thawing of a rockmass
following the penetration of frost at depth (Matsuoka & Sakai, 1999; Macciotta et al.,
2015; Paranunzio et al, 2016; Matuoka, 2019; Viani et al, 2020). Delonca et al. (2014)
interpreted that daily minimum temperatures influence rockfall activity, where rockfall
probability doubles when the minimum temperature falls between -10° C and -5° C and
is increases by a factor of 3.5 when the minimum temperature is in-between -20° C and
-10° C. Several studies have also analyzed the influence of the number of days spent
below freezing (i.e. where the maximum temperature for a day is less than 0° C), but
this metric was not found to correlate well with the rockfall activity as a triggering

mechanism (Douglas, 1980; Zwissler et al, 2013; Strunden et al, 2015).

Regardless of the specific weather variables being analyzed, the ultimate goal of
these studies is often to forecast rockfall activity (either number of rockfalls or rockfall
volume) based on predicted or known weather conditions. Examples of studies that
have proposed threshold levels for weather events which generate specific rockfall
responses or lag times between a weather event and an associated rockfall event

include the following:



1 Delonca et al. (2014) provided probabilities of rockfall events based on various
weather conditions (minimum temperatures within a certain range, two and three
day cumulative rainfalls) and identified a two day lag time between certain
minimum temperatures and following rockfall events. This was based on data
collected from reported rockfalls along roads and railroads over an 11-year time
span. Three study sites were included in this study. These consisted of a
highway at the base of a natural cliff (up to 200 m high) composed of basaltic
lava strata with alternating pyroclastic layers on the island of Reunion, a railway
at the base of cut slopes and natural slopes in alternating limestone and marl
(cliffs around 20 m high for cut slopes, higher for natural slopes) in Burgundy,
France, and a railway at the base of cut slopes and natural slopes in basaltic and
granitic rocks (cliffs around 15 m high for cut slopes, higher for natural slopes) in
Auvergne, France.

1 Matsuoka and Sakai (1999) concluded that 1 m thick rock/boulder slabs may be
detached from a rockslope five to 15 days after a frost depth of 0.5m to 1.5m
thaws out. This research was conducted in the Hosozawa Cirque at an elevation
of 2,850 m in the Southern Japanese Alps. The natural rockwall studied in the
Hosozawa cirque was approximately 200 m high and consisted of sandstones
and shales.

1 Frayssines and Hantz (2006), who studied triggering factors for rockfalls in the
natural limestone and marl cliffs (steepened by glaciation and fractured by crustal
shortening) of the subalpine ranges of the French Alps, suggested that rockfall is

2.4 times more likely on days with freeze-thaw cycles than on days without.



1T Déamat o et al . rdckalfteGuencyircreases between 2.5 and 3
times during rainfall events, with considerably higher frequencies occurring within
24 hours of a rainfall. Additionally, when mean rainfall intensity was above 5
mm/hr, the rockfall frequency was found to be 26 times higher than under dry
conditions. This study was conducted at two natural limestone cliffs (an upper
cliff 120 m high and a lower cliff 240 m high) on Mount Saint-Eynard in the
French Alps.

1 Mateos et al. (2012) analyzed a series of large rockfalls following unusually cold
and wet weather that occurred across the entirety of the island of Majorca, Spain
and concluded that intense rainfall (>90 mm/24 hrs) increased the likelihood of
rockfall occurrence. While the island of Majorca consists of a variety of
lithologies, most rockfalls were found to have occurred on slopes made up of

limestone and dolomite.

It is important to note that these findings are potentially only applicable to the
specific study sites where the research was conducted due to the wide array of local
weather and geologic conditions considered. Conducting similar work to the ones
described in a new location has the potential to result in entirely unique findings,
therefore making it important to conduct these studies at a variety of different locations
such that broad trends can potentially be identified by future meta-analyses.
Furthermore, the use of more detailed rockfall databases that record a more exact
number of rockfalls (rather than being biased towards what can be visually identified, for

example), more accurate volume estimates and times of occurrence, and that span for



many years may uncover additional findings and/or further support findings from

existing work.

1.2 Rock Slope Study Sites

This thesis seeks to build upon the work previously conducted for the
development of rockfall databases and evaluation of rockfall/weather relationships. Two
separate study sites were identified to support this effort. The first study site is a rock
cut slope located ~6 km east of the town of Idaho Springs, Colorado, bordering the
westbound laneof -7 0. Thi s site i s r adeeaoritspeodimitymthas AFI| o
geographic feature of the same name. The second study site is also a rock cut slope
located ~6 km west of Idaho Springs, Colorado, bordering the westbound lane of I-70,
and is referred to as fAldaho Springso as a sh
in Figure 1.1. Information for each study site including geology, geometry, and data

collection details is summarized in Table 1.1.

It is worth noting that even though the two sites are similar from a lithologic
standpoint, they differ from a geomechanical one. Floyd Hill possesses two primary
fracture sets that control the rockfall failure mechanisms. The first fracture set dips
moderately to steeply towards the roadway, providing a sliding plane for the rockfalls to
fail on via planar failure. The second joint set dips moderately to steeply into the slope,
providing a bounding surface for potential rockfalls as well as creating several
overhanging features on the slope. The Idaho Springs rock slope, meanwhile, features
similar fracture orientations but the fractures themselves generally have more of a

shallow to moderate dip and a wider spacing than at Floyd Hill.



Locations of Rockfall Study Sites

Weather monitoring sites and nearby towns also noted
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Figure 1.1: Location of the Floyd Hill TLS study site and Idaho Springs fixed
photogrammetry site. The weather monitoring stations Lower Fall River Road and
Lower Douglas Mountain, used for the Idaho Springs and Floyd Hill sites respectively,
and nearby towns are also shown.

Table 1.1: Floyd Hill and Idaho Springs study site details.

Study Site Floyd Hill Idaho Springs
Lithology Biotite Gneiss [1] Biotite Gneiss [
Lateral Extent (m) 350 50
Vertical Height (m) 38 30
Slope Angle (deg) 72 60
Slope Area (m?) 14,000 1,750
Monitoring Method Terrestrial Laser Fixed Site

Scanning Photogrammetry
Data Collection Frequency 2 to 3 weeks Daily
Data Coverage* 02/11/2016 to present | 03/13/2018 to present

* Gaps in the data present. Most of 2017 is not accounted for at the Floyd Hill site and
periodic outages/errors at the Idaho Springs site leave several weeks to month long
data gaps.

[1] Sheridan and Marsh, 1976

[2] Sims, 1964

These two sites are well-suited for developing accurate rockfall databases and

for analyzing rockfall/weather relationships for the following reasons:

10



1 High frequency of data collection allows for accurate estimates of the time of
occurrence for rockfalls to be developed, enabling effective analysis of weather
triggers and lag times.

1 Point cloud data and subsequent processing steps allow for accurate estimation
of rockfall volumes, shapes, and locations of rockfalls on the slope.

1 The length of data coverage for both sites is adequate for performing meaningful
analysis of rockfall/weather relationships and identifying repeating trends
throughout multiple years.

1 Multiple weather monitoring stations are located within the area. The Lower
Douglas Mountain (Weather Underground, 2021a) station, shown in Figure 1.1,
has been used to generate the results for the Floyd Hill study site while the
Lower Fall River Road (Weather Underground, 2021b) study site was used for

Idaho Springs.

1.3 Thesis Objectives

Three overarching research objectives were developed to guide this research.

These research objectives are as follows:

1. Characterize the rockfall activity at the study sites. This involved calculating
rockfall rates and identifying how they change over time, identifying any repeated
temporal trends of elevated or decreased rockfall activity, identifying if spatial
patterns of rockfall activity exist on the rock slopes studied, developing an
understanding of what the distribution of rockfall volumes is on each rock slope,

and calculating recurrence intervals for different rockfall volumes.
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2. Evaluate how precipitation and freezing metrics act as triggering and conditioning
factors for rockfall over various time scales. As part of this objective, specific
aims were to identify when different weather events act as a triggering factor, at
what time scale conditioning factors influence rockfall activity, and if the
magnitude of a triggering factor influences the magnitude (i.e. volume) of an
associated rockfall.

3. Understand which freezing metric (number of freeze-thaw cycles, number of days
spent below freezing, and air freezing index (Bilotta et al., 2015)) has the largest
measurable influence on rockfall activity and can best be used for forecasting

future rockfall properties

It should be noted that these objectives are specific to the Floyd Hill and Idaho
Springs rock slopes. Conclusions drawn at one of these slopes may be valid for said
slope, but should not necessarily be assumed to be accurate for other rock slopes, as
variations in geology, climate, fracture spacing and orientation, and slope geometry can
result in different rockfall dynamics at different locations. The results from Matsuoka and
Sakai6 §1999) study on a high alpine glacial cirque in the Japanese Alps, for example,
should not necessarily be considered valid for the rock slopes on the tropical island of
Reunion studied by Delonca et al. (2014). In this same sense, results generated through
studying the rock slopes at Floyd Hill and Idaho Springs may be valid for those slopes
and slopes in nearby vicinities, but as differences in geology, climate, and the
geomechanical properties of rock slopes increase, the validity of extrapolating

conclusions drawn from Floyd Hill and Idaho Springs will decrease.
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1.4 Thesis Outline

This thesis has been organized into five separate chapters. The following

represents a brief description of each chapter:

1 Chapter 1: Introduction. This chapter documents the motivation for the study,
how rockfall activity has been quantified in previous studies, and the relationship
between rockfall and various weather events in addition to what work has been
conducted towards understanding that relationship. Chapter one also introduces
the two rock slope study sites used for this research and outlines the research
objectives for this thesis.

1 Chapter 2: Developing a multi-year rockfall database for Floyd Hill from high-
temporal terrestrial laser scanning data. This chapter details the methodology
used to process raw lidar scans into a rockfall database at the Floyd Hill rock
slope. Some information regarding the final rockfall database is also be provided.

1 Chapter 3: Quantification of rockfall activity and analysis of rockfall/weather
relationships at Floyd Hill. This chapter illustrates how and when rockfall occurs
at Floyd Hill and quantifieswe at her / r ockf al | relationships
data were analyzed and the effects of both short-term triggering processes and
long-term conditioning factors are demonstrated. An overarching model for how
rockfall activity changes at Floyd Hill on a seasonal basis is proposed.

1 Chapter 4: Development of a rockfall database from daily fixed site
photogrammetry models of a slope near Idaho Springs, Colorado. This chapter
describes how daily structure from motion photogrammetry data were processed

into a rockfall database for a period of time between May and August 2019 at the
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Idaho Springs site. Challenges regarding the identification of rockfalls from such
data and corresponding solutions are documented. An analysis of the rockfalls
recorded and their relationship with precipitation is discussed, as is a comparison
between the rockfalls recorded at the Idaho Springs site and the rockfalls
recorded at the Floyd Hill site during the same time period.

Chapter 5: Summary, Conclusions, and Recommendations. This chapter
summarizes the findings from chapters two through four, describes conclusions
that may be drawn from the findings, compares these conclusions to those of

other studies, and presents recommendations for future research.
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CHAPTER 2
DEVELOPING A MULTI-YEAR ROCKFALL DATABASE FOR FLOYD HILL FROM

HIGH-TEMPORAL TERRRESTIAL LIDAR SCANNING DATA

Significant portions of this chapter are reproduced with permission from the American
Rock Mechanics Association (ARMA) based on the paper published in the proceedings
of the 2021 ARMA symposium by the following authors:

Adam Malsam*!, Gabriel Walton!, Heather Schovanec?, David Bonneau?, Paul-Mark
DiFrancesco?, Jean Hutchinson?

2.1 Introduction

This study seeks to develop a rockfall database for the Floyd Hill rock slope just
east of Idaho Springs, Colorado. In order to accomplish this goal, a semi-automated
workflow to convert raw, LIDAR point clouds into a usable 3D rockfall database was

optimized for use at Floyd Hill and further developed to improve its efficacy.

The development of rockfall databases is of great importance, as they allow for
inherently discrete events that occur at various points in time to be summarized in one

place.

* Primary Author
Adam Malsam. Direct correspondence to amalsam@mines.edu

1 Department of Geology and Geological Engineering, Colorado School of Mines, 1500
lllinois Street, Golden, Colorado, 80401, USA

2 Department of Geological Sciences and Geological Engineering, Queens University,
99 University Avenue, Kingston, Ontario, K7L 3N6, Canada
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Once a database is developed, many different analyses can be conducted that may
evaluate rockfall trends through time, document the distribution of rockfall volumes,
calculate recurrence intervals for rocks of various sizes, and compare rockfall activity
that occurs at a known time to observed weather patterns or other factors that might
influence rockfall processes. Previous studies have developed rockfall databases in a
variety of ways, though terrestrial laser scanning (TLS) has become increasingly
common methodology for this purpose ( e . g . D6 Amat delilgetalg 2017, 2016 ;
van Veen et al., 2017; Kromer et al., 2018; Williams et al., 2018), due in part to its
increasing cost effectiveness, accuracy, and ease of use. Not only have TLS methods
become more cost effective and easier to use, but an increasing amount of recent
research and development has made processing point cloud data generated by TLS
systems more efficient and effective (Tonini and Abellan, 2014; Kromer et al., 2019;

Schovanec et al., 2021).

When developing a rockfall database from TLS data, time intervals between TLS
scans should be minimized as much as is practical (van Veen et al., 2016; Williams et
al., 2018) to achieve more accurate rockfall volume estimates and obtain more precise
information regarding the time a given rockfall occurred. At times, multiple small,
individual rockfall events may occur in the same area on a slope. If multiple small
rockfalls occur in the same area in-between TLS scans, then the individual rockfalls
may be aggregated together to appear as one larger rockfall in TLS data collected over
a larger time interval. This subsequently will affect the apparent rockfall magnitude-
frequency curve at a particular slope, as less small volume rockfalls, more large volume

rockfalls, and a smaller total number of rockfalls in general will be recorded. Williams et
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al. (2018) demonstrated this phenomenon in their study where hourly TLS data were

acquired for a rock slope over a ten-month period.

Small time intervals between scans (high temporal resolution) are preferred, for
the reasons described above, but result in a significantly large amount of data that
requires considerable, and often impractical, amounts of time to process manually. For
this reason, semi-automated workflows, such as the one adapted in this study
(Schovanec et al., 2021), have been developed to increase efficiency and reduce
processing time in the creation of rockfall databases from raw, TLS-generated point

clouds.
2.2  Floyd Hill Study Site

The study site for this research is a rock cut slope along the westbound lane of
Interstate 70 (I-70) between Denver and Idaho Springs, Colorado. This slope is referred
to as Floyd Hill due to its proximity to the neighboring geographical feature of the same
name. A detailed description of the Floyd Hill rock slope is provided in Chapter 1

(Section 2).
2.3 Methods

The workflow used to convert raw point clouds to a usable rockfall database in
this study follows the same principal steps used in other studies (e.g. Tonini and
Abellan, 2014; van Veen et al. 2017). Once the data are collected and pre-processed

(i.e. converted to an ASCII file format) the principal steps in the workflow are:
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1. Alignment: Individual scans are aligned to a common base scan, ensuring an
identical coordinate system for all individual scans. A relative coordinate system

was used in this study without any georeferencing.

2. Classification: All points within the TLS scan are categorized as either bedrock or
not-bedrock. Any points not considered bedrock can then be removed from
further analysis.

3. Change Detection: A newer point cloud is compared to an older reference point
cloud so that differences in the locations of points between the two clouds can be
identified and calculated.

4. Clustering: Areas of significant change are isolated from the rest of the point
cloud and labeled according to the characteristics of the identified clusters (e.g.
number of points, point density, etc.). This process allows for suspected rockfall
activity to be distinguished from other changes on the slope (e.g. vegetation, ice,
etc.).

Steps that are performed in addition to the principal workflow, as summarized
above, include data collection, pre-processing, volume estimation and filtering. The
overall workflow used for this study was developed by Schovanec et al. (2021) as a
semi-automated workflow capable of converting raw lidar generated point clouds to a
usable rockfall database. Code and documentation for this workflow can be found at
https://github.com/hschovanec-usgs/point-cloud-processing. Schovanec et al., (2021)
devel oped the workflow using C++, MATLAB, and
library (Ruso and Cousins, 2011). This workflow has been adapted in several areas for

this study (described below), such as the use of a radius trim from the centroid of a
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point cloud in the alignment process and the implementation of a recently developed
surface reconstruction and volume estimation method developed by Bonneau et al.

(2019).
2.3.1 Data Collection and Pre-Processing Steps

TLS scans were collected using a Faro 3D X330 LIDAR scanner. Four scanning
positions were used to minimize occlusion of the rock surface by the geometry of the
rock slope, vegetation, and anthropogenic structures. Each position is approximately
50 m from the base of the rock slope and, on average, the spacing between scanning
positions is approximately 60 m. Even though the scan positions are only 50 m away
from the base of the slope, the distance from the scanner to the rock slope can be as
high as 150 m when the scanner is viewing the rock slope at large incidence angles and
when elevation differences are accounted for. The data used in this study were typically
collected every two to three weeks from February 11, 2016 to August 30™, 2021. Over
the 5.5 yearsod6 worth of TLS data collection,
occasionally either increased to document large rockfall events or decreased due to
unfavorable weather conditions. A significant data gap is also present between
November 101, 2016 to October 26", 2017, essentially consisting of the entire year of

2017.

Each raw TLS scan possesses approximately 43 million points. Pre-processing
steps were applied to clean the raw point clouds and reduce the overall number of
points to increase the efficiency and effectiveness of future processing steps. Raw
Floyd Hill point clouds possess an initial point spacing on the order of 2 cm or less in

areas of high point density. An initial spatial subsampling increased the minimum point
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spacing to a uniform 2 cm across the entire point cloud (though this point spacing is
larger for locations on the rock slope further away from the scanning positions).
Additional pre-processing steps include outlying point removal using a statistical outlier
filter (as documented in Schovanec et al. (2021)) and an initial segmentation prior to
alignment to remove points not associated with the rock slope itself (i.e. road, light
poles, guard rails, etc.). This process reduces the number of points from the initial 43

million by approximately 50%.
2.3.2 Alignment

Alignment, also commonly referred to as registration, is the process through
which one scan is translated and rotated such that it shares a common location in 3D
space and coordinate system as a reference scan. It is of great importance that the
accuracy of the alignment be as high as possible because errors in the alignment will be
propagated through the rest of the workflow. Furthermore, the quality of the alignment
directly affects the minimum size of rockfalls that can be identified. If, for example, there
is a consistent 10 cm gap between two scans then no change below 10 cm can be

reliably differentiated from the alignment error.

Alignment can be completed in several ways. One method includes registering
individual, neighboring scans to each other and then aligning the full, registered slope
dataset to a complete reference dataset. A more common approach involves separately
registering multiple individual scans to a common, complete reference scan, with the
understanding that once the individual scans are properly registered to the reference
scan, they will also be properly registered to each other. In this study, the second

method was used, as Kromer et al. (2019) found that aligning individual scans to a
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complete base model provides better surfaces for the alignment process. This method,
however, resulted in some alignment errors at the lateral extents of individual scans
because these portions are at considerable distances from the scanner, resulting in
noise and inaccuracies in the positions of individual points. A user-defined radius
segmentation based around the centroid of individual scans was implemented prior to

alignment to eliminate this source of error. A radius of 110 m was used in this study.

Past this initial segmentation step, the alignment process is essentially
unchanged from that developed by Schovanec et al. (2021). It is a two-step process first
featuring an automated rough feature alignment utilizing fast point feature histograms
and then an automated fine, iterative closest point (ICP) alignment (Schovanec et al,

2021).

Alignment quality was visually assessed following change calculation using the
Multiscale Model to Model Cloud Comparison (M3C2) (Lague et al., 2013) plugin in
CloudCompare (CloudCompare, 2021). M3C2 computes locally averaged distances
between the reference and secondary point clouds by projecting a cylinder with user
defined dimensions along a locally oriented normal vector. This calculation is performed
for each point in the reference cloud. M3C2 outputs a histogram for the calculated
change between the two clouds, a mean distance, and a standard deviation. If the
alignment is of good quality, then the mean will be near zero and the standard deviation
will typically be on the scale of millimeters (for this study). Additionally, the histogram for
a good quality alignment should be represented by a normal distribution. If the

alignment quality was judged to be poor for a specific TLS scan, then it was either
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skipped or manually repaired by individually aligning multiple segments of the individual

scans to the reference scan and then merging the aligned scans back together.
2.3.3 Classification

Classification is the process by which points within the point cloud that represent
various features, such as vegetation, talus, bedrock etc., are labeled as such. Labeling
points allows for them to be removed if they are not desired. For Floyd Hill, two classes
were used, fAbedrocko and finot bedrocko. The ¢

identified as fAnot bedrockod so that omdy t he

The classification method used was developed by Weidner et al. (2019), where a

Amasko and return intensity values are used t
point cloud. The mask is a templ ate widnédr e ar e
areas known to be not bedrock are | abeled as

segmented out, leaving behind just the bedrock.

Note that the quality of the mask method deteriorates over time because of
changes in vegetation and slope geometry due to geomorphic activity. To account for
these changes, a user defined threshold radius is included in the classification code. So
long as the point cloud is within the threshold distance to the mask, the mask will be
able to classify points. A conservative threshold radius of 0.9 m was used in this study.
This value is conservative, as it is larger than the thickness of material lost through

rockfall at any one location on the slope.

The other component of the classification process is the removal of snow and ice

through a threshold return intensity value. Snow and ice were observed to correspond
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to considerably lower return intensity values than bedrock, and it is, therefore, relatively

easy to distinguish between the two classes using this method.

2.3.4 Change Detection

Change detection is the process by which measurable change between a
reference point cloud and a secondary point cloud is identified. For this study, the
reference point cloud is an aligned, classified cloud taken at some specific date and the
secondary cloud is an aligned, classified cloud taken at some more recent date than the
reference cloud. Many different algorithms have been developed to calculate the
change between two point clouds, with M3C2 (Lague et al., 2013) and variants thereof

being the most commonly used.

The fAModi fied M3C20 algorithm developed
in this study. This algorithm uses the basis of the M3C2 approach to identify the
direction of change and project a cylinder along the calculated normal. This cylinder is
then extended until a maximum number of points are found, or the maximum length of

the cylinder is reached.

Two important user defined input parameters for both M3C2 (Lague et al., 2013)
and the modified M3C2 algorithm used in this study (Schovanec et al., 2021) are the
search radius used to calculate the surface normal in the direction of change and the
diameter of the cylinder projected in the direction of change, referred to as the
projection diameter. The search radius should generally be large enough so that local
surface roughness does not influence the calculation of the surface normal. A radius of

25 cm was suitable for this study. The projection diameter was selected to be 8 cm
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based on the recommendations proposed by DiFrancesco et al. (2020), where the

optimal projection diameter is specified as one to two times the typical point spacing.
2.3.5 Evaluating the Limit of Detection

The limit of detection (LOD) defines the smallest amount of change between two
clouds that can be reliably detected. Change might be present between two clouds, but
this change may be due to processing artifacts, such as alignment error, or natural
causes such as variable surface roughness. Errors that occurred during data collection
may also result in alignment error. Change greater than the LOD is, therefore,
considered to be outside of the change that influences the quality of the alignment. This
change includes rockfalls and remaining vegetation. Because the LOD defines the
minimum amount of change that can be reliably captured, it also plays a significant role
in defining what sizes of rockfalls can be detected. The LOD is typically calculated as
being two standard deviations (20) away
between two point clouds. This means that the upper most 2.5% and lower most 2.5%
of normally distributed change fall past the LOD and can be considered representative

of potential rockfalls or other changes in slope geometry.

The LOD in this study was calculated for each point-cloud-to-point-cloud
comparison, so that point clouds with poor alignment quality could be identified. This
also allowed for adjusting the LOD as needed in the subsequent clustering step. A LOD
of 1.8 cm was found to be suitable for most cases. Some instances existed, however,
where a LOD of 2.5 cm was implemented, as at least one of the point clouds used in the
change detection process still possessed some small degree of inherent alignment

error. M3C2 (Lague et al., 2013) was used to calculate the global change between two
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clouds and the distribution fitting tool in CloudCompare (CloudCompare, 2021) was
used to fit a normal distribution to the M3C2 calculated changes, thereby providing the
mean and standard deviation of the computed distance. Only change within plus or
minus 10 cm of zero was used for fitting the normal distributions and calculating the
mean and standard deviation. Change outside of 10 cm was found to either be
erroneous or be representative of rockfalls and remaining vegetation. These calculated
changes are unrelated to defining the quality of the alignment where, ideally, the two
point clouds should be within millimeters of each other. Removing change outside of
plus or minus 10 cm, therefore, results in a more accurate representation of the change

used in evaluating the quality of the alignment.
2.3.6 Clustering

Clustering is the process by which areas of change identified using the change
detection portion of the workflow are extracted from the rest of the point cloud.
Exported, individual point clouds for each of the clusters can then be classified
according to their characteristics. In the workflow developed by Schovanec et al. (2021),
clustering was performed using the following four steps developed by Tonini and

Abellan (2014):

1. All change below the LOD was removed.

2. Change was calculated in the forward (older cloud to newer cloud) direction and
reverse direction (newer cloud to older cloud)

3. Positive changes were removed from the forward change calculation and
negative changes were removed from the reverse calculation to prevent

accumulation of material from being identified.
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4. Clustering was performed with the density-based spatial clustering of

applications with noise (DBSCAN) algorithm (Ester et al., 1996)

DBSCAN is designed to function most effectively for point clouds with a uniform
point spacing throughout. This was not the case in this study, where the point spacing
ranges from 2 cm to ~10 cm, depending on the location of the slope with respect to the
scanning position. Additionally, despite the use of a classification step and the removal
of change below the LOD, some change due to vegetation was still included in the
clustering step. The effects of vegetation and variable point density, along with complex
slope geometry in places, resulted in DBSCAN generating far more clusters than those
considered to be actually representative of rockfall. For this reason, volumes identified
with DBSCAN needed to be filtered so that only the true rockfall volumes would be

identified.
2.3.7 Surface Reconstruction for Rockfall Volume

The volumes of the individually clustered point clouds were calculated before
being utilized in the volume filtering step. Surface reconstruction and volume estimation
was performed using an iterative alpha shape approach developed by Bonneau et al.
(2019), based on the implementation of 3-Dimensional Alpha Shapes (Edelsbrunner
and Mucke, 1994) in MATLAB. This method utilizes an iterative process to find the
optimal triangular mesh surface for rockfall point clouds that result in a watertight (i.e.
free of holes), manifold mesh. The volume encapsulated by this meshed surface can
then be calculated. It is important that the meshed surface be watertight, otherwise the

volume for the potential rockfall will be significantly underestimated.
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2.3.8 Volume Filtering

As a result of DBSCAN clustered volumes not all being representative of rockfall,
clusters must be classified and filtered such that only true rockfall clusters remain.
Schovanec et al. (2021) proposed the use of initial filters that removed clusters

according to the following criteria:

9 If the number of points in the cluster is less than the minimum number of points
defined as an input to DBSCAN.

1 The percent difference between the number of points representative of positive
change and number of points representative of negative change for any given
cluster may not exceed a threshold value of 80%. If it does, then the cluster is
removed. This ensures that both the front and back surfaces of a rockfall have
similar amounts of points.

Remaining clusters not representative of rockfall were filtered out based on the
geometric properties of the clusters. This was done using a random forest classification
algorithm, namely the bootstrapped decision tree algorithm TreeBagger in MATLAB.
The random forest algorithm operates by creating a large amount of decision trees,
where each decision tree classifies the clustered point cloud according to threshold
values for different features. Per Schovanec et al. (2021) the following features were
used in this study: the number of points, volume, density, cluster length in the x, y, and z
directions, average absolute change, standard deviation of change, maximum change,

and minimum change.

For the random forest classification to function properly, a large training dataset

must be manually created so that the random forest classifier will have information
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regarding what is and is not a rockfall. The classifier can then create threshold values
for individual decision trees accordingly. In this study, a training and testing dataset
comprised of 1,920 manually classified clustered volumes was created. The goal for this
dataset was for it to be representative of rockfall and non-rockfall clustered volumes that
can be found throughout all times of the year and to not be biased towards any one
season. For this reason, clustered volumes were manually classified from 13 individual
scanning intervals, with four being from the Winter, four being from the Spring, three
being from the Summer, and two being from the Fall. The exact number of manually
classified volumes from each time period are shown in Table 2.1. 30% of these volumes
were randomly separated from the whole dataset to be used specifically for testing data.

The remaining 70% were used for training data.

Table 2.1: Number of manually classified clustered volumes from different time intervals
used in the training and testing dataset.

Winter Spring Summer Fall
(Scans from mid- (Scans from late- (Scans from early-June (Scans from mid-
December to late- February to late-April) to early-August) September to late-

January) October)

451 551 450 468

Using the training dataset, the random forest classification method outputs a
probability between zero and one that defines the probability of a clustered volume
being rockfall rather than clutter (Schovanec et al., 2021). This probability value can
then be compared against a pre-defined threshold to arrive at a final classification for a
given clustered volume. The classification method is not always successful in
discriminating between rockfall and noise, and false positives and false negatives do

occur. When a value is specified for the probability threshold used for binary
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classification, however, unique values for the false-positive rate (FPR) and false-
negative rate (FNR) occur as a result. The FPR and FNR are defined in Equations 2.1

and 2.2 below:

o0y —— (2.1)

o6 Y —— (2.2)

where FP is the number of false positives (clusters classified as rockfall that are
not true rockfall), TN is the number or true negatives, FN is number of false negatives
(clusters classified as not rockfall that are true rockfall), and TP is the number of true

positives.

The goal then, is to define a probability threshold that balances both the FPR and
FNR. FPR and FNR are inversely proportional to one another, so when graphed vs
various threshold probabilities, there exists a point where the FPR equals the FNR. To
find this point, the testing dataset and various probability thresholds were used in the
random forest classifier, with 200 iterations being run for each probability value to create
box plots. Box plots for the FPR and FNR along with lines corresponding to the median
FPR and FNR values are shown in Figure 2.1. The FPR was found to equal the FNR at

a probability threshold value of 0.085, where FNR = FPR = 16.3%.

The final random forest classifier using the probability threshold of 0.085
generated large numbers of false positives, but very few false negatives. A validation
dataset of 455 clustered volumes (88 from Winter, 123 from Spring, 57 from Summer,
and 187 from Fall) separate from those already used for the training and testing

datasets, were manually assessed to evaluate the quality of the random forest classifier
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in identifying true rockfalls. Of the 455 clustered volumes, 2 were FN, 364 were TN, 59
were FP, and 30 were TP. These results indicated that the random forest classifier is
reliable in identifying almost all clustered volumes that may be considered rockfall. The
large number of FPs, however, meant that the classification could not be trusted
implicitly to correctly identify all the true rockfall. For this reason, every clustered volume
identified as rockfall by the random forest classification was manually verified as either
being a true rockfall or a false positive. Once all the true rockfalls were identified, they

were combined in a single rockfall database.

Random Forest Random Forest
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Figure 2.1: Plots of FPR and FNR vs probability threshold. The point where the FPR
equals the FNR represents the probability threshold that minimizes both rates
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2.4 Results

The final rockfall database for Floyd Hill spans from February 11, 2016, to
August 301, 2021. In total it includes 80 individual scan dates and 79 scanning intervals.
Over the duration of the study period 1,134 rockfalls were identified, resulting in an
average rate of 0.56 rockfalls per day. The largest rockfall recorded occurred between
April 271, 2019 and March 13, 2019 and possessed a volume of 5.4 m3 (approximately
1.75m x 1.75 m x 1.75 m for a cuboidal rockfall). The smallest rockfall, meanwhile, only
had a volume of 0.00011 m?3 (approximately 5 cm x 5 cm x 5 cm for a cuboidal rockfall).
The average rockfall volume at Floyd Hill over the duration of the study period was
0.020 m? while the median rockfall volume was 0.0014 m3. The average value being
higher than the median value is consistent with the asymmetry of the volume distribution
and indicates that the largest rockfall volumes have a heavy influence on the overall
distribution of rockfall volumes at Floyd Hill. Figure 2.2 illustrates every rockfall recorded

in this study on the base model for the Floyd Hill Rock slope.

Magnitude cumulative frequency (MCF) curves, having been initially used for
earthquake studies (Gutenberg and Richter, 1945), have become more frequently used
in studies of other geohazards to derive further information regarding rockfall frequency
and size distributions out of a rockfall database (Guzzetti et al., 2003; Stark and Hovius,
2001; Van Veen, 2017; Williams et al., 2018; Schovanec et al., 2021). These past
studies have shown that a Acutoffo point exis
smaller volumes diverge from the power law distribution due to resolution limitations. In

this study, this cutoff point was visually assessed to be around a volume of 0.001 ms.
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For this reason, the power law fits shown in all MCF curves were derived using only the

portions of the dataset greater than 0.001 ms.

In this study, MCF curves were created to illustrate the frequency of rockfall
volumes per month for two purposes. The first was to use a MCF curve developed for
the entire rockfall database to estimate recurrence intervals for various rockfall volumes.
The second was to create annual MCF curves using one change detection step (i.e.
from the beginning of the annual period to the end of the annual period) to identify
rockfalls and then plot additional MCF curves for the same annual periods but with
rockfalls identified through many change detection steps (i.e. using all available
scanning intervals within the specified time period). This process reveals if rockfall is
occurring in a discrete fashion at Floyd Hill or if multiple rockfalls are occurring
immediately next to each other and being mistakenly grouped together as a single,
larger rockfall over the course of an annual scanning interval. The MCF curve for the
whole database is shown in Figure 2.3, and the accompanying Table 2.2 uses the
equation for the power law fit in Figure 2.3 to calculate recurrence intervals for rockfalls
of various volumes. Figures 2.4 and 2.5, meanwhile, plot annual MCF curves created

using one change detection step and many change detection steps.
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Figure 2.2: Visualization of all rockfalls identified on Floyd Hill from February 11, 2016

to August 30™, 2021.
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Table 2.2: Rockfall recurrence intervals calculated from equation for power law fit to the
magnitude cumulative frequency plot.

Rockfall Volume (m?) Rockfall(s) per Month Months per Rockfall
5.4 (max volume detected) 0.017 58
1.0 0.063 16
0.1 0.34 2.9
0.01 2.0 0.51
0.001 11 0.090
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Table 2.3 documents the annual rockfall data for the two annual time periods

used in the creation of the annual MCF curves in Figures 2.4 and 2.5.

Table 2.3: Annual rockfall data evaluated using the one change calculation step and
multiple change calculation steps.

Total Total Average Average Average
Number of Rockfall Number of Rockfall Individual
Rockfalls Volume Rockfalls Volume per Rockfall
(m3) per Day | Day (m3day) | Volume (m3)
10/13/2018 7 10/12/2019
One
Change 285 14.2 0.8 0.04 0.05
Calculation
Multiple
Change 401 14.6 1.1 0.04 0.04
Calculations
10/12/2019 7 10/16/2020
One
Change 132 1.4 0.4 0.004 0.01
Calculation
Multiple
Change 163 1.4 0.4 0.004 0.009
Calculations

2.5 Discussion

The rockfall database developed in this study is valuable for use in future studies

for a variety of reasons. These include the following:

T 5.5

year so

worth

of data can

all ow f

long periods of time. Rockfall activity summarized over one year can also be

compared to rockfall activity summarized across all other years to draw

meaningful conclusions, as at least five data points will be available for analysis.
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1 The average scanning interval of two to three weeks allows for an acceptable
degree of accuracy with regards to the estimate for when the rockfall occurred
and can allow for an effective examination of the relationship between rockfall
and short-term triggering mechanisms as well as longer term conditioning
factors.

1 The rockfall volume estimations are considered to be reasonably accurate and
can allow for the inclusion of rockfall volume in future analyses.

1 The number of rockfalls detected (1,134) is high and several larger volume
rockfall events (i.e. rockfalls larger than 1 m3) have occurred and may be
analyzed in detail.

A notable feature of this rockfall database is its inclusion of small volume
rockfalls that are often hard to detect, especially over a rock slope as large as Floyd Hill.
The smallest rockfall volume detected was 0.00011 m?3 (approximately 5cm x5cm x 5
cm for a cuboidal rockfall) and the cutoff value from the MCF curves (above which it can
be stated with confidence that all rockfall volumes are being detected) is 0.001 m3
(approximately 10 cm x 10 cm x 10 cm for a cuboidal rockfall). The ability to reliably find
these small rockfall volumes speaks to the effectiveness of TLS to be able to both
create 3D models of rock slopes but also to the effectiveness of the point cloud

processing methodology employed in this study.

The MCF curve generated for the entire rockfall database reveals that these
small volume rockfalls occur frequently at Floyd Hill. As Table 2.2 shows, the cutoff
rockfall volume in the MCF curves (0.001 m3) occurs about 11 times a month at Floyd

Hill. Rockfalls equal to or greater than 1 m3 meanwhile were only found to occur at most
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once every 16 months. Calculating these recurrence intervals is a useful tool in
understanding the rockfall activity at Floyd Hill, but there are a few limitations with which
they can be used. The power law fit generated for the full database MCF curve was
created between rockfall volumes ranging from 0.001 m3 to 5.4 m?3 and as such, using
the equation to the power law fit is only truly valid for rockfalls in between these values.
For smaller rockfall volumes there is uncertainty with respect to whether or not all
rockfalls are being identified due to the inherent resolution limits of the TLS system
being used. For larger rockfall volumes there is uncertainty as to whether they continue
to adhere to the linear (in log i log space) power law fit to the data. It is possible, for
example, that the cumulative frequency for larger rockfalls drops quickly rather than
following the trend of the current power law fit. While the equation of the power law fit
could therefore be used to estimate the recurrence intervals for larger rockfall volumes
than those identified in this study, the accuracy such estimates is unknown.
Furthermore, based on the fracture spacing and slope geometry present at Floyd Hill it
is possible that a maximum potential rockfall volume exists beyond which it is highly
unlikely that any larger volume will occur. The presence of such a condition would

certainly alter the MCF curve were it to be recorded.

The MCF curves created in Figures 2.4 and 2.5 were developed so that it could
be evaluated if, over annual time spans, rockfalls at Floyd Hill occurred in a more
discrete fashion of it there were several circumstances where rockfalls occurred
immediately next to past or future rockfalls in a sequential fashion. The similarity of the
power law fits in these figures indicates that the distribution or rockfall volumes across

entire years were similar, as were the frequencies with which various rockfall volumes
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occurred. Table 2.3, however, indicates that despite the visual similarity of the MCF
curves, considerably more rockfalls were detected when using multiple change
detection steps over an entire year as compared to a single change detection step for
the same period of time. Furthermore, while the differences in the numbers of rockfalls
identified between the two methods in Table 2.3 is considerable, the differences in total
rockfall volumes detected are rather similar. This indicates that rockfalls at Floyd Hill are
occurring close enough to each other with a great enough regularity that multiple
individual rockfalls may be mistakenly grouped together as one larger rockfall if the time

interval between TLS scans is not fine enough.

A visual inspection of all the rockfalls that occurred during the study period at
Floyd Hill revealed several instances where rockfalls occurring at different times were
directly in contact with each other. This was noted to occur mostly with small volume
rockfalls, but some examples were identified where relatively large volume rockfalls
were associated with adjacent smaller volume rockfalls that occurred either prior to the
large rockfall or following the large rockfall. Figure 2.6 illustrates examples adjacent
rockfalls in cases considering both relatively small and relatively large rockfalls. It is also
possible that some of the largest rockfalls (i.e. greater than 1 m3) are in fact multiple
rockfalls that occurred within days or hours of each other, but due to the scanning
intervals used, such cases cannot be distinguished. Overall, however, the largest
rockfall events (with the exception of the one shown in Figure 2.6) appear to be largely

discrete with no or very minor rockfall having occurred nearby during the study period.
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Figure 2.6: Examples of rockfalls that occurred at different times but that were in direct
contact with each other. A) Examples for relatively small rockfall volumes. B) Example
for a relatively large rockfall volume.

2.6 Conclusions

The goal of this study was to create a rockfall database for the Floyd Hill rock
slope using high temporal frequency terrestrial laser scanning data. These data were
collected between February 11™, 2016 and August 301, 2021. A total of 80 individual
sets of TLS scans were collected during this time with a typical time between scans of
two to three weeks. These raw lidar scans were processed into a rockfall database
using a semi-automated point cloud processing workflow originally developed by

Schovanec et., (2021) and modified/optimized for the purposes of this study.

The final rockfall database includes 1,134 individual rockfalls volumes with the
minimum volume being 0.00011 m3, the maximum volume being 5.4 m3, and the
median volume being 0.0014 m3. The average number of rockfalls detected per day at

Floyd Hill is 0.56. Rockfalls equal to or greater than 1 m3 were found to have a
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recurrence interval where one rockfall of that size occurs approximately every 16
months, as calculated from the equation for the power law fit to the MCF data for the
entire database. Annual MCF curves, meanwhile, indicated that if the time period
between TLS scans is too large, multiple rockfalls occurring at different times have the
potential to occur close enough to one another to be mistakenly grouped together as a
single rockfall during the change detection and clustering steps. For this reason it is
important to ensure that TLS scans collected at Floyd Hill continue to be performed with

a relatively high temporal frequency.
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CHAPTER 3
QUANTIFICATION OF ROCKFALL ACTIVITY AND ANALYSIS OF

ROCKFALL/WEATHER RELATIONSHIPS AT FLOYD HILL
3.1 Introduction

This study seeks to develop an understanding of relationships between weather
and rockfall for a newly studied slope in a semi-arid, mountainous environment. To this
end, we evaluate how the number of rockfalls and rockfall volume correlate to different
weat her variables over various time periods.
high-resolution data in this case ensures that the effects of conditioning factors and the
role they play through multiple seasons can be better understood. Additionally, by
deriving rockfalls from 3D terrestrial laser scanning models we are able to accurately

estimate rockfall volume and incorporate this as a variable in correlations with weather.

Weather conditions have been interpreted to influence or initiate rockfall activity
in past studies, where different studies conclude that different weather conditions are

the primary factor initiating rockfall activity at their respective study sites. These include:

1 Precipitation (Mateosetal. , 201 2; Del onca et al ., 2014;
Matsuoka, 2019; Zielonka & Wronska-Walach, 2019; Bajni et al., 2021)

91 Diurnal freeze-thaw cycles (Douglas, 1980; Frayssines and Hantz, 2006;
Macciotta et al., 2015; St r20i6dPeatietalt al . ,
2018; Bajni et al., 2021)

1 Seasonal thawing or warming (Matsuoka and Sakai, 1999; Macciotta et al., 2015;
Paranunzio et al, 2016; Matsuoka, 2019; Viani et al, 2020)
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1 Temperature changes resulting in thermal expansion and contraction of the

rockmass (Stock et al., 2012; Gischig, 2016; Virely et al., 2021)

Despite the existing research, rockfall still proves to be a challenging
phenomenon to both quantify and understand due to the wide variety of environments in
which it can occur and the varied means of identifying, detecting, and measuring rockfall
activity. In some locations, for example, the highest amounts of rockfall activity can be
found to occur over the coldest months of the year, as freeze-thaw processes act as an
immediate trigger for rockfall (Macciotta et al., 2015; Pratt et al., 2018). In other
locations, very little rockfall occurs when freezing processes are active, and the highest
periods of rockfall activity occur when rainfall is most common (Delonca et al., 2014). In
locations that may have recently been deglaciated and/or where permafrost is present,
several studies indicate that increasing temperatures over the warmer months drive the
initiation of rockfall (Phillips et al., 2016; Vehling et al., 2016; Paranunzio et al, 2016;
Viani et al, 2020). While many studies have been conducted regarding rockfall and
weather/climate relationships, it is important to continue to examine these relationships
in a variety of different climates (i.e. coastal, high alpine, arid, etc.) and for a variety of
different geological and slope conditions to best understand how rockfall responds to
weather events in a variety of environments, with the ultimate goal of allowing for

consistent trends between different sites to be identified.

Another important consideration when examining rockfall and weather
relationships is the analysis of longer-term trends and antecedent periods (i.e. time
periods prior to a given rockfall és occurrenc

initiate rockfalls, but rather can act over longer periods of time to weaken or destabilize
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the rockmass as a whole. These processes are often called conditioning or preparatory
factors (Marquinez et al, 2003; Fanos and Pradhan, 2019). Differentiating between fast-
acting triggering factors and conditioning factors that act over much longer periods of
time is a challenge, as the identification of underlying trends caused by conditioning
factors requires both many yearsoé6 worth
antecedent periods (periods of time prior to a rockfalls occurrence) on the scale of
months to years. While several studies considered relatively long time windows
(Delonca et al., 2014; Macciotta et al., 2015; Pratt er al., 2018; Bajni et al., 2021), fewer
studies examine the effects that conditioning factors have on rockfall activity. Among
those that do (Matsuoka and Sakai; 1999; Strunden et al., 2015; Matsuoka, 2019;
Schovanec, 2020), a lack of a sufficiently long study window, biases within the rockfall
collection methodology, and/or a lack of statistical analysis or other quantification to

support the observations limits the significance of conclusions drawn.

3.2  Study Site

The study site for this research is the Floyd Hill rock cut slope described in detail
in Chapter 1 (Section 2). Weather data associated with the Floyd Hill rock obtained from
the Lower Douglas Mountain weather monitoring station (Weather Underground,
2021a), shown in Figure 1.1, was used to obtain both air temperature and precipitation
data over the duration of the study. This weather monitoring station is located at an
elevation of 2,160 m, making it only approximately 55 m lower in elevation than the
Floyd Hill study site. Additionally, the weather monitoring station is located 4 km away
from Floyd Hill, which is considered sufficiently close to serve as a weather proxy for the

Floyd Hill site. Under normal operating conditions, the Lower Douglas Mountain weather
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monitoring site records air temperature, precipitation, and other weather metrics every
15 minutes. Of the total of 2,433 days between Jan 1st, 2015 (the beginning of the
weather window for this study) and August 30th, 2021 (the end of the weather window
for this study), 2,359 days contain data. In other words, 97% of days included in the
weather window for this study possess data, while outages at the monitoring site only
account for 3% of the days considered. The largest gaps in the data occur in October of
2015, April and May of 2016, and May of 2021, with a few other one-to-two-day outages
in 2015, 2017, 2019, 2020, and 2021. Days where outages occurred were ignored and
excluded from the weather database; given the limited prevalence of these outages, the
lack of inclusion of these data are expected to have a negligible impact on the overall

results.

3.3 Methods

The quality of a rockfall database is largely dependent on the methods used to
identify and characterize rockfalls, and the quality of any weather-rockfall relationship
analysis is dependent on the quality of the underlying rockfall database. Several
different methodologies have been employed in other studies to develop rockfall
databases, as noted in Chapter 1. In this study the rockfall database was created from
repeat TLS scans collected on the Floyd Hill rock slope every two to three weeks
between February 11, 2016 and August 30™, 2021. For additional information

regarding the TLS scan data collection consult Chapter 2 (Section 2.3.1).
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3.3.1 Semi-Automated Data Processing

In recent years, advances have been made that allow for the processing required
to convert raw lidar scans into usable rockfall databases to become more efficient and
accurate (Lague et al., 2013; Tonini and Abellan, 2014; van Veen et al., 2017; Bonneau
et al., 2019; Schovanec et al., 2021). These advances have made it possible to process
large quantities of TLS data, such as what exists in this study where 80 individual TLS
scanning dates required processing. For the Floyd Hill lidar data, the raw point clouds

were processed into a rockfall database using the following general steps:

1 Alignment: Individual scans are aligned to a common base scan, ensuring an
identical coordinate system for all individual scans. A local coordinate system
was used in this study without any georeferencing.

1 Classification: All points within the TLS scan are categorized as either bedrock or
not-bedrock. Any points not considered bedrock can then be removed from
further analysis.

1 Change Detection: A newer point cloud is compared to an older reference point
cloud so that differences in the locations of points between the two clouds can be
identified and calculated.

9 Clustering: Areas of significant change are isolated from the rest of the point
cloud and labeled according to the characteristics of the identified clusters (e.g.
number of points, point density, etc.). This process allows for suspected rockfall
activity to be distinguished from other changes on the slope (e.g. vegetation, ice,

etc.).

46



The original code for this processing workflow was developed by Schovanec et
al. (2021), with the classification step being developed by Weidner et al. (2019) and the
shape reconstruction and volume estimation process coming from Bonneau et al.
(2019). This code was optimized and adjusted specifically for implementation at the
Floyd Hill study site for this study. Chapter 2 of this thesis may be consulted for
additional details on the semi-automated workflow and how it was adjusted to adapt to

the Floyd Hill rock slope.

Once all of the rockfall volumes were identified and extracted from the point
clouds, they were combined into a single rockfall database that documents their
possible date of occurrence (potentially any time between a first and second TLS scan),

volume, and principal axes lengths (determined using principal component analysis).

3.3.2 Identification of Variables for Correlation Analyses

Weather variables first had to be selected for analysis before their relationships
with rockfall could be examined. The weather variables used were required to both be
shown in previous studies to have some notable correlation with rockfall and be able to
be measured by the weather monitoring station used. Precipitation was identified as
being a key weather variable to include in the analysis, as it has been shown in
numerous studies to be a direct trigger for rockfall activity (Mateos et al., 2012; Delonca
et al ., 2014; Débamato et al ., 2016; Mat suok a,
Douglas Mountain weather monitoring station records precipitation accumulation without
differentiating between rainfall and snow (where the water derived from snow is
estimated by captured snow activating the tipping spoon rain gauge upon melting).

Precipitation was first summed over the course of individual days prior to being summed
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over the course of entire scanning intervals spanning multiple days. The primary
weather variable used in the analysis was, thus, total precipitation that occurs over the
course of a given scanning interval. In addition to the total precipitation over the course
of a scanning interval, the maximum daily precipitation recorded over the course of each

scanning interval was also recorded.

Freeze-thaw activity and continuous periods of time spent below freezing have
also been identified as being either triggering or conditioning factors for rockfall
depending on the study and the specific location analyzed (Douglas, 1980; Frayssines
and Hant z, 2006; Macciotta et al . al, 2DI®B15; Stru
Pratt et al., 2018; Bajni et al., 2021). The Lower Douglas Mountain weather monitoring
station records temperature typically every 15 minutes. In this study, freeze-thaw cycles
were identified when the daily maximum air temperatures were above freezing and the
daily minimum air temperatures were below freezing. Multiple freeze-thaw cycles may
occur over a 24-hour period due to local cycles of sun and shade and/or wind conditions
(Pratt et al., 2018), but it is challenging to conclude that these localized effects
measured at the weather monitoring station may also be present at the Floyd Hill rock
slope due to the distance between the two sites. For this reason, the use of daily
maximum and minimum temperatures for defining freeze-thaw cycles is thought to be
appropriate. As daily maximum and minimum temperatures are being used, the relevant
weather variable being analyzed in this study may be described as the number of days
with at least one freeze-t haw cycl e within a TLAI msgathayd,g iim
contrast, is defined as a day where the maximum air temperature never exceeds the

freezing temperature (0 °C, 32 °F). These are representative of when prolonged periods
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of time are spent below freezing, and the total number of freezing days within a TLS

scan window is therefore also used as a weather variable in this study.

An additional weather variable considered in this study is the air freezing index
(AFI). The air freezing index is a variable that accounts for the overall freezing
conditions over the course of a season and is often used as a variable for calculating
the maximum frost penetration depth in soils (Matsuoka and Sakai, 1999; Bilotta et al.,
2015). A single air freezing index is calculated for each freezing season (i.e. one per
year). This is done by first calculating freezing degree days (FDD), where a single FDD

value (for a single day) is calculated according to Equation 3.1 (Bilotta et al., 2015):

000 ——— Y (3.1)

where Tmax is the daily maximum air temperature, Tnin is the daily minimum air
temperature, and Tk is the freezing temperature (0° C or 32° F). When the average of
the daily maximum and minimum air temperatures is less than the freezing temperature,
the corresponding FDD value is negative. When cumulative FDDs are then plotted, local
maxima and local minima will result due to FDDs transitioning from positive to negative
and then back to positive as warmer weather transitions to colder weather and then

returns to warmer weather. These local minima and maxima are shown in Figure 3.1.
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Figure 3.1: Plot of cumulative freezing degree days for Floyd Hill used in calculating air
freezing index.

The air freezing index value for a given period of time is calculated by taking the
difference between the local maximum and the local minimum. An example of this

difference from the Winter of 2018 - 2019 is shown in Figure 3.2.

The air freezing index is a measure of total freezing activity across the entire
freezing period, so larger AFls indicate more freezing activity over the whole freezing
period while smaller AFls indicate less. Larger AFIs also indicate deeper frost
penetration according to the modified Berggren equation (Aldrich, 1956), although the
frost penetration depth could not be estimated in this study due to the water content of

the rockmass and specific thermal conductivity of the frozen rock being unknown.
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Figure 3.2: Example evaluating air freezing index based on the difference between a
local maximum and local minimum from the Winter of 2018-2019.

Three rockfall variables are analyzed in this study. These are the total number of
rockfalls that occur over a scan interval, the total rockfall volume that occurs over a
scanning interval, and the mean rockfall volume calculated over a scanning interval.
While the number of rockfalls is a common variable used in the study of rockfall
dynamics, volume is less frequently used. This is largely due to the number of rockfalls
being a simpler metric to count since rockfall volumes either have to be estimated
visually (Delonca et al., 2014; Macciotta et al., 2015; Pratt et al., 2018), measured by

hand (Douglas, 1980; Matsuoka and Sakai, 1999; Vehling et al., 2016), estimated from

phot os based on scale or pixel size (D6Amato

from a 3D mesh or point cloud (Strunden
al., 2019). Many such volume estimation approaches are inaccurate, resulting in relative
volumes being used or volume being ignored all together. The 2 cm typical point

spacing achieved on the TLS derived point clouds used in this study and the automated

shape reconstruction and volume estimation methods used (Bonneau et al., 2019) allow
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for a high degree of accuracy in rockfall volume estimation at Floyd Hill, however,

making consideration of rockfall volume in the analyses possible.

Both the arithmetic and geometric mean rockfall volume were considered, as
each provides different information about the rockfall volume distribution. Arithmetic
means are more heavily influenced by large rockfall volumes at the right tail of the
rockfall volume distribution (which is approximately lognormal), as these greatly
increase the total rockfall volume (which is used in the calculation of the mean). From a
practical standpoint, allowing these rockfall volumes to have a large influence on the
response variable of interest is important, as large rockfalls are the ones that are most
likely to cause severe damage. Additionally, from a risk management perspective, the
arithmetic mean of rockfall volume is more relevant, as it corresponds to the expected

value of an individual rockfall volume.

The geometric mean rockfall volume, in contrast, is calculated using the product
of rockfall volumes and is therefore sensitive to the order of magnitude of each rockfall
volume rather than the absolute volume, which makes it less sensitive to large rockfalls
in the tail of the lognormal volume distribution than the arithmetic mean. Geometric
means, therefore, may be used to analyze the effect that weather has on typical rockfall
sizes (with a reduced influence from the largest rockfalls). Correlations using the
geometric mean, for example, may indicate that certain weather conditions produce
larger typical rockfall volumes as a whole, while correlations using the arithmetic mean
may indicate that certain weather conditions are more likely to produce large rockfall

volumes in the right tail of the distribution.
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When conducting analyses based on the total rockfall volume and mean rockfall
values (both arithmetic and geometric), logarithmic transformations were first applied to
these variables, as they are lognormally distributed with the range in rockfall volumes

spanning multiple orders of magnitude.
3.3.3 Seasonal Linear Regressions

Two types of discrete seasonal analyses were performed: (1) evaluation of the
effects that weather variables have on rockfall activity within the same season (i.e.
concurrent analysis), and (2) analysis of potential influences that air freezing index has
on rockfall activity both within the same Winter the AFI value was recorded in and in
subsequent seasons. For the purposes of this study, meteorological seasonal
delineations were used instead of astronomical seasonal delineations due to the former
being more closely tied to weather patterns (NOAA, 2016). Meteorological seasons are

defined according to the following delineations (NOAA, 2016):

1 Winter: December, January, February
1 Spring: March, April, May
1 Summer: June, July, August

1 Fall: September, October, November

To evaluate the validity of the meteorological season delineations in the context
of the region considered in this study, trends in temperature patterns as illustrated by
cumulative freezing degree days (e.g. Figure 3.1) were considered. Figure 3.1 illustrates
that local maxima and minima exist where average daily temperatures transition

between being above and below the freezing temperature. The time between the local
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maximum and local minimum may be interpreted as corresponding approximately to
Winter, due to this being the time when the coldest weather occurs. The local maximum
may then be interpreted as the end of Fall/beginning of Winter and the local minimum
may be interpreted as being the end of Winter/beginning of Spring. While the exact
dates of these local maxima and minima vary from year to year, the local maxima were
generally in early to mid-December and the local minima were generally in late February
or early March. This trend is generally more consistent with the meteorological seasonal
delineations than astronomical seasonal delineations, thus generally confirming the

applicability of the meteorological seasons in the context of this study.

The exact TLS scan intervals do not always line up with these seasonal
delineations and can sometimes begin in one season and conclude in another. When
these cases occurred, the midpoint of the start and end dates defining a scan interval
was used to evaluate which season the data predominately represented. For example,
an initial scan may take place on November 26th and a second scan may take place on
December 11th, placing the midpoint between those two dates on December 3rd and,

therefore, placing rockfall occurring within this scanning interval into the Winter season.

For the concurrent seasonal linear regressions, the total number of rockfalls, total
rockfall volume, and mean rockfall volumes were calculated within the seasonal
boundaries dictated by the TLS scanning intervals. The weather variables considered in
the regression analysis (total precipitation, total number of days with freeze-thaw cycles,
and total number of freezing days) were summed within the same time window as the
rockfall window. Linear regressions were then performed in RStudio for each

combination of weather and rockfall variable in each respective season (for example the
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total number of rockfalls from the Summers of 2016, 2018, 2019, 2020, and 2021 being
correlated with the total precipitation from the Summers of 2016, 2018, 2019, 2020, and

2021 with each year being its own data point within the linear regression).

After the air freezing indices were calculated for the freezing periods between
2015/2016 and 2020/2021 the resulting AFI values were used in linear regressions with
the number of rockfalls, logio(total rockfall volume), logio(arithmetic mean of rockfall
volume) and the logio(geometric mean of rockfall volume) as the dependent variables.
Linear regressions were performed in RStudio after having summed rockfall values for
their respective seasons within their respective years. Correlations performed included
AFI1 with rockfall metrics occurring in the same Winter as when the AFI value was
recorded, AFI with rockfall metrics in the following Spring, Summer, Fall, ad Winter, and

AFI with the combined rockfall metrics of the combined Spring - Fall time period.

3.3.4 Rolling Window Analysis

Unlike the discrete analyses that evaluate how rockfall trends in a given season
as a whole vary from year to year, a rolling window correlation analysis can be used to
evaluate correlations between weather variables and rockfall variables within relatively
short time windows (e.g. within a single season of a single year). The specific analysis
method adopted for this purpose is the rolling window approach proposed by
Schovanec (2020). This consists of a series of linear regression analyses where the
weather variable time window and rockfall variable time window progress forward
through the available data. The window sizes may be specified as a certain number of

days, but the time intervals between TLS scans are unlikely to perfectly match up with
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this specified value. To account for this, the windows are allowed to adjust to match the
available TLS rockfall data. Specifically, a rockfall time window can decrease by as
much a 40% of the window length to match the preceding scan date. If an adjustment
greater than 40% of the specified window time is required, then the window is skipped in
the rolling linear regression correlations. Figure 3.3 illustrates an example of concurrent

rolling windows over a set of hypothetical rockfall and weather data series.

Rockfall time windows of 90 days, 120 days, and 180 days were considered in
this analysis. 90 days was specified as the lowest window value, as window sizes lower
than this were found to often include an insufficient number of data points to produce
meaningful correlations. 180 days was selected as the largest time window because
time windows greater than this were found to smooth underlying trends and effectively
limit the temporal resolution of the results. Note that the previous study that applied this
analysis method to a different slope using a rockfall database with similar temporal
resolution identified a 120 day window to provide an ideal balance between analysis

resolution and statistical significance (Schovanec, 2020).
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Figure 3.3: Concurrent rolling window correlation illustration. Window two is skipped and
not shown on the rockfall and weather data because the end date of the window is too
far away from the previous TLS rockfall data and, therefore, this specific window cannot
be used for linear regressions.

The rolling window method used also allows for antecedent periods to be
specified for the weather window that will move the beginning of the weather window
back in time by a number of days, allowing for any weather events occurring prior to the
rockfall window to be considered in the correlation with the rockfall data. For an
antecedent analysis, a set number of antecedent days are added to the beginning of the
time period within which each weather variable is summed, resulting in the weather
window beginning earlier than the rockfall window for each data point. Figure 3.4
illustrates the general progression of the rolling windows through time for antecedent
conditions. Antecedent periods considered in this study are 1 day, 3 days, 7 days, 14

days, 30 days, 60 days, 120 days, and 180 days. Antecedent periods longer than 180
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days were not considered in this study because such antecedent periods would include
multiple previous seasons in the correlations with rockfall metrics. This maximum
antecedent period is considered adequate for identifying conditioning factors that may
influence rockfall over multiple seasons when considered in conjunction with the results

of the seasonal linear regressions described in Section 3.3.3.

Rockfall . . .

Data

Antecedgnt Periods

Weather
Data

| =TLS Scan Date . = Correlation Data Point

D = Window 3 |: = Window 4

Figure 3.4: Rolling windows with antecedent period illustrated. Antecedent periods of
equal length are applied to the weather data summed for each data point.

3.4 Results
3.4.1 Recorded Rockfall Rates at Floyd Hill

Over course of this study (February 11th, 2016 to August 30th, 2021), 1,134 total
rockfalls were identified over 79 scanning intervals, corresponding to a total rockfall
volume of 22.3 m3. Figures 3.5 and 3.6 document how the rockfall rates for total number
of rockfalls per day and total rockfall volume per day changed throughout the study
period, while Figure 3.7 illustrates the cumulative totals for both the number of rockfalls

and rockfall volume over the duration of the study period.
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Figure 3.5: Number of rockfalls per day. Data gap in 2017 represented as a horizontal
line.
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Figure 3.7: Cumulative rockfall volume and number of rockfalls for entire duration of
study period

3.4.2 Rockfall and Weather Visualizations

Preliminary visualizations were created with the intent to indicate potential
relationships between rockfall and weather metrics that could later be re-evaluated with
more robust statistical analyses. Initial attempts to produce such visualizations revealed
that apparent rockfall activity was fully dominated by a small number of large rockfall
volumes and rockfalls associated with an anomalous September 2019 event (where 115
rockfalls fell during a single scanning interval due to a large precipitation event). This
scanning interval is interpreted as being anomalous due to it possessing a rockfall rate
of 16.4 rockfalls per day which is a value greater than the next highest interval by a
factor of 12. Accordingly, to allow for the underlying trends of more typical rockfall

volumes to be observed, outlier rockfall volumes and rockfalls associated with the
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September 2019 event were omitted. An outlier rockfall volume was defined as being
larger than or equal to 0.038 m3, or approximately 34 cm x 34 cm x 34 cm for a cuboidal
rockfall. This value was determined according to the traditional outlier definition of
Tukey (1977). Specifically, each individual rockfall volume was first transformed using a
base ten logarithmic transformation to achieve an approximately normal distribution.
After this, the quartiles and interquartile range of the log;o-transformed rockfall volumes
were calculated followed by 1.5 times the interquartile range being added to the value
of the third quartile. In this case, the resulting outlier rockfall volume threshold of

0.038 m?3 approximately corresponds to the 95" percentile of untransformed rockfall
volumes. Note that while outlier rockfalls were removed from some visualizations
focused specifically on ftyppresanted),theyoneref al | ac

included in all correlation analyses.

Figures 3.8 and 3.9 show the total number of typical rockfalls and typical rockfall
volume by month, respectively (with the aforementioned outlier rockfall volumes and
anomalous September 2019 event omitted from both). Rockfalls are binned by the
month in which the midpoint of their respective scanning intervals occurs. Both weather
and rockfall data during the data gap in 2017 were omitted from these figures, as the
mont h of any rockfall és occurrence within tha
weather values were normalized by the number of individual months included in the
database. For example, there are only three Februarys represented in the rockfall
database while there are five Junes, so to avoid misrepresenting the rockfall metrics,
these metrics are divided by the respective number of those individual months included

in the rockfall database. Daily precipitation, days with freeze-thaw cycles, and freezing
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days were also binned by month, normalized by the number of months included, and

plotted on the same figures as the rockfall values.
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Figure 3.8: Total numbers of rockfall binned by average month of occurrence,
normalized by the number of respective months included in the rockfall database, and
plotted as a line with normalized weather variables binned per month and plotted as
bars.
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Figure 3.9: Total rockfall volume binned by average month of occurrence, normalized by
the number of respective months included in the rockfall database, and plotted as a line
with normalized weather variables binned per month and plotted as bars.
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Inspection of Figures 3.8 and 3.9 indicate that May 7 July was the most active
period for precipitation over the course of the study period and that freezing events
began in October, peaked between January and March, and then concluded by May.
Background (typical) rockfall activity, meanwhile, was shown to increase in the month of

March and then generally decrease over the course of the rest of the year.

Separating the outlier rockfall volumes from the more typical rockfall volumes
allowed for the comparison between periods of time (i.e. scanning intervals) when
outlier rockfalls occur and when no outlier rockfalls occur. Accordingly, precipitation that
occurred during a scanning interval where at least one outlier rockfall (i.e. an individual
rockfall with a volume larger than 0.038 m3) was detected was separated from
precipitation that occurred in scanning intervals without outlier rockfall volumes. A base
10 logarithmic transformation was applied to the precipitation values due to the raw
precipitation values being approximately lognormally distributed. Applying the
transformation, therefore, makes the distribution approximately normal and allows for
the We | c tiw@sample t-test to be conducted (as an assumption of the test is that the
data are normally distributed). These transformed precipitation values were then plotted
as box plots in side-by-side comparisons. Considering that scanning intervals consisting
of large periods of time are more likely to contain outlier rockfall volumes, the two
largest scanning intervals (consisting of the 350 day long data gap in 2016-2017 and 91
day long period from Oct 26th, 2017 to Jan 25th 2018) were excluded from the plots.
Figure 3.10 shows these box plots of precipitation metrics, and indicates that, over the
entire rockfall database, outlier rockfalls were associated with larger amounts of

precipitation than more typical rockfall at the study site.
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Similar box plots were created for freezing metrics. Figure 3.11 shows box plots

representing the proportion of days with freeze-thaw cycles and the proportion of

freezing days within a scanning interval.
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These plots illustrate that, within scanning intervals across the entire database,
outlier rockfalls do not appear to be associated with larger amounts of freeze-thaw

cycles or prolonged periods of time spent below freezing compared to typical rockfall.

In Figure 3.10, the median and mean precipitation metrics can be seen to be
higher in scanning intervals containing outlier rockfall compared to scanning intervals
without outlier rockfall. To further analyze this result, the scanning intervals were
separated according to seasons, with scanning intervals containing outlier rockfall
volumes still separated from scanning intervals without outlier rockfall volumes. These
seasonal data were visualized using dot plots as opposed to box plots due to the limited
number of outlier rockfalls in any given season, particularly the Winter and Fall. These
dot plots can be found in Figure 3.12 for total precipitation that occurs over the course of
a scanning interval and the maximum daily precipitation total that is recorded over a
scanning interval. As in Figure 3.10, precipitation has been transformed with a base 10

logarithmic transformation to allow for the We | ¢ tw@sample t-tests to be conducted.

Figure 3.12 indicates that precipitation metrics from scanning intervals containing
outlier rockfall volumes and scanning intervals containing only typical rockfall volumes
vary from season to season. In the Winter, the mean precipitation metrics can be seen
to be higher for scanning intervals containing outliers, but only three outlier rockfall
volumes occurred during the Winter. Any potential conclusions from the Winter dot plots

are thus inconclusive due to relative the lack of data.
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Figure 3.12: Comparison of scanning intervals containing outlier rockfall volumes and
without outlier rockfall volumes based on different precipitation metrics.

During the Spring, precipitation metrics between scanning intervals with and
without outlier volumes are similar for the majority of scanning intervals, with some
scanning intervals containing outlier rockfall volumes having considerably higher
precipitation, and thus raising the mean precipitation for those intervals. During the
Summer, the range of precipitation values for scanning intervals containing outlier
rockfall volumes falls completely within the range of precipitation values for scanning
intervals without outliers. In the Fall, it is apparent that precipitation metrics for scanning

intervals with outliers are greater than those for scanning intervals without outliers, with
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the difference between the two scanning categories being statistically significant (i.e. p-

value < 0.05) .
3.4.3 Seasonal Linear Regressions
3.4.3.1 Concurrent Seasonal Correlations

48 total linear regressions were performed in the concurrent seasonal analysis
(four seasons x three weather variables x four rockfall variables). Of those 36 linear
regressions, eight were found to have both a r2 value above 0.75 and a p-value less
than 0.15, indicating that the weather metric has a high likelihood of having an actual
and practically relevant influence on the rockfall variable. These correlation results are

summarized in Table 3.1.

Table 3.1: Positive correlations where high r2 (> 0.75) and low p-values ( O 15)were
achieved for linear regressions between rockfall variables and weather variables binned
over entire seasons.

Season Rockfall Variable Weather Variable r> | p-value
Winter Total Number of Rockfalls Total Precipitation 0.85 0.08
Winter Logio(Total Rockfall Volume) Total Precipitation 0.91 0.05

Summer Total Number of Rockfalls Total Precipitation 0.76 0.06

Fall Total Number of Rockfalls Total Number of Freezing Days | 0.83 0.09

Fall Logio(Total Rockfall Volume) Total Precipitation 0.80 0.11

Fall Loguo(Total Rockfall Volume) Total Number of Freeze-Thaw | g 06 | 0.02
ycles

Fall Logio(Total Rockfall Volume) Total Number of Freezing Days | 0.98 0.01

Fall Logio(Arithmetic Mean of Rockfall Total Number of Freeze-Thaw 0.89 0.06
Volume) Cycles

Fall Loglo(Anthm\e/tcl)cl:ul;/ln(:';m of Rockfall Total Number of Freezing Days | 0.99 0.01

Most of the linear regression results with high r2 and low p-values were found to

occur in the Fall and Winter, with one occurring in the Summer. No significant
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correlations were recorded in the Spring or with the logio(geometric mean of rockfall

volume).
3.4.3.2 Air Freezing Index

Table 3.2 indicates the results from the linear regressions that were performed as
part of the AFI analysis. The weather period is the time when the AFI values were

recorded, while the rockfall period is the time when the rockfall data were recorded.

Table 3.2: Summary of air freezing index linear regression analysis. Positive
correlations where high r2 (> 0.75) and low p-v a | u e 45) etk achieved are
highlighted.

Logio (Arithmetic Logio (Geometric
Time Period I\|lqu0r2||2%|2f Rolc_:(lz?z;ﬁ (\-/r(;)ltuarlne) Mean of Rockfall Mean of Rockfall
Volume) Volume)
Rockfall | Weather 2 2 2 2
Period Period r p value r p value r p value r p value
- Same
Winter - 0.90 0.05 0.82 0.09 0.05 0.77 0.01 0.88
Winter
Winter | Trevious | 4 e 0.25 0.03 0.83 0.33 0.43 0.51 0.29
Winter
. Previous
Spring Winter 0.00 0.95 0.48 0.19 0.64 0.11 0.21 0.43
Summer | PTeVioUs | 44 0.88 0.66 0.10 0.88 0.02 0.46 0.21
Winter
Previous
Fall Winter 0.34 0.42 0.07 0.43 0.22 0.53 0.11 0.67
Spring- | Previous |, 4, 0.34 0.64 0.11 0.77 0.05 0.04 0.73
Fall Winter

Even though only three results were found to be statistically significant (p-values
less than or equal to 0.05), it is worth noting that some other results may also prove to
be significant in the future if additional data are included in the linear regressions, and
therefore merit further investigation in future studies. These include correlations
between the Winter Logio(Total Rockfall Volume) and the AFI from the same Winter, the
Summer Logio(Total Rockfall Volume) and the AFI from the previous Winter, the Spring
Logio(Arithmetic mean Rockfall Volume) and the AFI from the previous Winter, and the

Spring-Fall Logio(Total Rockfall Volume) and AFI from the previous Winter.
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The three most statistically significant results highlighted in Table 3.2 are plotted

in Figure 3.13 with the resulting equations from the linear regressions shown for each

data series.
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Figure 3.13: Significant linear regression correlations between air freezing index and
rockfall variables.

3.4.4 Rolling Window Analysis

The rolling window analysis procedure developed linear regression models for
each possible window of the user-specified length. After performing the linear
regression analyses, pl ots of t heauéraeackhon-os
individual linear regression performed through time were added to a single, resultant
figure with the statistical results on the vertical axis and dates on the horizontal axis.
Selected resultant linear correlation figures are presented in this paper with the full
series of figures presented in Appendix A: Supplemental Electronic Files. The figures
included here were selected because they indicate repeated trends through time,

suggest a consistent pattern of rockfall activity, and include the largest amount of low p-
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value, high r value, and positive correlations when compared to other iterations. Only 90
day rockfall/weather window results are presented, as the longer windows were found to
excessively smooth the results. Additional figures not included in the main text tend to
show similar trends to those presented, but generally with weaker correlations or more
smoothed trends depending on the particular combination of variables, window sizes,
and antecedent periods considered (refer to Appendix A: Supplemental Electronic

Files).

Note that in contrast to the seasonal linear regression results presented in
Section 3.4.3 that consider trends across the same season in multiple years, these
results illustrate correlations that occur within short time windows on the order of one to
two seasons. For example, while one seasonal analysis sums all the rockfall volume
and precipitation that occurs in one Summer and then correlates that with the rockfall
volume and precipitation summed over each other individual Summer, the
corresponding rolling window analysis evaluates correlations between rockfall volume
and precipitation within a series of consecutive scanning intervals that span one or more

consecutive seasons (depending on the window length used).

Figure 3.14 presents results for the correlations between total precipitation, the
log1o of total rockfall volume, and the total number of rockfalls. Figure 3.15 presents the
results for the correlations between the number of days with freeze-thaw (F-T) cycles,
the log;o of total rockfall volume, and the total number of rockfalls. Figure 3.16 presents
the results for the correlation between freezing days, the log;o of total rockfall volume,

and the total number of rockfalls.
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Figure 3.14: Rolling window linear regression results for correlations between total
precipitation and rockfall metrics with 90 day rockfall windows, zero antecedent days.
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Figure 3.15: Rolling window linear regression results for correlations between total
numbers of days with freeze-thaw cycles and rockfall metrics with 90 day rockfall

windows, 180 antecedent days.
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Figure 3.16: Rolling window linear regression results for correlations between total
numbers of freezing days and rockfall metrics with 90 day rockfall windows, 120
antecedent days.

Increasing antecedent periods from zero to 180 days was found to have two

primary effects. First, for correlations between total precipitation and rockfall metrics, the

largest number of positive correlations with high r-values and low p-values were found

to occur for low numbers of antecedent days (between zero and seven). As the number

of antecedent days was increased, the quality and number of notable correlations

between precipitation and rockfall metrics decreased, indicating that precipitation likely

did not influence rockfall over longer antecedent periods. Second, for correlations

between freezing metrics and rockfall metrics the majority of correlations with high r-

values and low p-values are negative at low antecedent days. As the number of

antecedent days then increases (especially above 60 days) more positive correlations
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appear, suggesting that the influence of freezing metrics on rockfalls over long

antecedent periods (i.e. 120 to 180 days).

3.5 Discussion

Figures 3.5 through 3.7 document the rockfall activity at Floyd Hill in terms of
number of rockfalls and rockfall volume. In analyzing these figures, it becomes apparent
that rockfall activity at Floyd Hill stays consistent for much of the study period with
rockfall rates generally between 0.2 and 0.6 rockfalls per day. 2019 was the most active
year for rockfall at Floyd Hill during the study period, with 2021 also demonstrating
higher-than-usual amounts of activity. Increased rockfall activity at Floyd Hill is most
common in the Spring and Summer, with noted increases in the number and volume of
typical rockfall in March as shown in Figures 3.8 and 3.9. Volumetrically, the rockfall at
Floyd Hill is dominated by a small number of large events, particularly outlier rockfall

volumes that fell in the Spring and Summer of 2019.

An initial hypothesis based on these results might be that the large rockfall
events were associated with higher magnitude precipitation events, as many of the
large changes in rockfall volume, as shown in Figure 3.6, occurred between the months
of March and August when precipitation was highest at Floyd Hill. However, a review of
the results indicates that the relationship between rockfall and precipitation may be
more complicated. Figures 3.8 and 3.9 show that the highest amounts of typical
Abackgroundo rockfall activity (i.e. excludin
highest amounts of precipitation during the study period at Floyd Hill. Similarly, the dot
plots comparing scanning intervals with and without outlier rockfall volumes in Figure

3.12 show that outlier rockfall volumes were not associated with larger amounts of
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precipitation during the Summer and that any such potential precipitation influence
during the Spring was small relative to the level of noise in the data; note that these two
seasons accounted for approximately 70% of outlier rockfall volumes that were found to
have occurred at Floyd Hill over the study period. Furthermore, Figure 3.14 indicates
that at short antecedent periods (0 to 7 days), precipitation and rockfall metrics
generally correlated well within each Fall, and Spring, but during the Summer,
correlations between precipitation and rockfall metrics were consistently lower. These
results suggest that within individual Summers, larger magnitude precipitation events

did not necessarily produce large volume rockfall events.

These results do not completely indicate that precipitation and rockfall were
unrelated during the Summer, however, as Table 3.1 indicates that a positive correlation
exists between the total number of rockfalls and total amount of precipitation that
occurred over the course of each entire Summer. This means that Summers with more
precipitation produced larger numbers of rockfalls than Summers with less precipitation.
Summers that had more precipitation do not appear to have larger total rockfall volumes
than Summers with less precipitation, however, as the r? values between total

precipitation and the logo(total rockfall volume) is only 0.13.

By considering all results from analyses between precipitation and rockfall it can
be stated that at Floyd Hill, larger amounts of precipitation likely produced larger
numbers of rockfalls and total rockfall volume during the Spring and Fall (with
inconclusive results during the Winter). During the Summer, the magnitude of any given
precipitation event did not necessarily influence the number or rockfalls or total rockfall

volumes that could be expected to be produced by said event, but when comparing

74



Summers between years, those with more total precipitation included larger numbers of
rockfalls than those with less total precipitation. Importantly, these findings do not
necessarily suggest that precipitation was not an important trigger for large rockfalls
during the Summer, but rather indicate that large rockfalls could have been triggered by

relatively small precipitation events.

Larger amounts of precipitation were not necessarily a good indicator of larger
amounts of rockfall volume during Summers at Floyd Hill, but the results from the air
freezing index analysis suggest that freezing periods with larger AFI values correlated
well with larger logio(arithmetic mean of rockfall volumes) over the following Spring
through Fall and within the following Summer specifically, as Table 3.2 and Figure 3.13
show. The strong correlations between AFI and the logio(arithmetic mean of rockfall
volumes), therefore, indicate that Winters with a higher recorded AFI (i.e. when longer
periods of time where the average of the minimum and maximum temperatures are
below zero or where especially cold conditions are in place) may indicate an increased
likelihood for large volume rockfall events to occur in the following seasons, as these
events appear to have a notable influence on the arithmetic mean rockfall volume.
Additionally, when evaluating the rolling window correlation results for days with freeze-
thaw cycles and rockfall metrics with a 180-day antecedent period in Figure 3.15, it can
be seen that significant, positive correlations exist between rockfall metrics in the
Summers of 2019-2021 and the number of days with freeze-thaw cycles. A similar
pattern is also found for the rolling window correlations of the number of freezing days

and rockfall metrics when considering 120 antecedent days as shown in Figure 3.16.
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These results combine to suggest that freezing processes during the Winter exerted an

influence on volumetric rockfall activity in the following Summer.

The volumetric expansion of ice, water becoming pressurized at ice/rock
interfaces within rock fractures, and thermal expansion and contraction of the rockmass
are known phenomena that promote crack propagation within a rockmass and the
weakening of fractures through the degradation of rock bridges (Walder and Hallet,
1985; Tharp, 1987; Matuoka, 1990). Hypothetically, when the air freezing index is
higher, the frost penetration depth into the rockmass will be greater (Aldrich, 1956;
Matsuoka and Sakai, 1999), resulting in decreased fracture strength at greater depths
within the rockmass. This is one possible physical explanation for why higher air
freezing index values, number of freeze-thaw cycles, and number of freezing days
correlated with higher average or total rockfall volumes in the following Spring through

Fall, and particularly in the following Summer.

The differences in correlations observed between weather variables and the
arithmetic mean as opposed to the geometric mean of rockfall volume are worth noting,
as they provide information about how different portions of the rockfall volume
distribution change in response to changes in weather variables. Both the seasonal
correlation analyses and the air freezing index analysis showed strong, positive
correlations between weather variables and the logig(arithmetic mean of rockfall
volume), but not between weather variables and the log;o(geometric mean of rockfall
volume). It is interpreted that this is the case due to large volume rockfall events (that
are found in the right tail of the lognormal rockfall distribution) being highly influential on

the arithmetic mean and causing variability in this from year to year, while less variability
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was noted in the geometric mean of rockfall volume due to the order of magnitude of
typical rockfall volumes remaining similar over time. Strong, positive correlations
between weather variables and the logig(arithmetic mean of rockfall volume), therefore,
indicate increases in certain variables lead to increased likelihoods of large volume
rockfall events occurring, while the lack of strong correlations between weather
variables and the logi;o(geometric mean of rockfall volume) indicates that the order of
magnitude of typical, smaller rockfall volumes remains relatively consistent regardless

of changes in weather variables through time.

The combination of the rolling window analyses, seasonal linear regressions, air
freezing index results, and weather-rockfall visualizations suggest that a consistent
annual rockfall cycle is present at Floyd Hill. This cycle involves different weather
factors influencing rockfall dynamics in various ways throughout the seasons. The ways
in which different weather processes are interpreted to influence rockfall throughout the

year are summarized as follows:

1 Winter: Overall rockfall activity is low with small numbers of rockfalls and small
rockfall volumes generally being produced. What rockfall is produced may be
triggered by freezing processes, as a statistically significant result was achieved
for the correlation between air freezing index and the number of rockfalls that
occurred during the same Winter when the air freezing index was recorded. This
indicates that freezing processes are actively weakening the rockmass during
this time and producing small amounts of rockfall activity. It is also possible that
rockfall over the Winter is triggered by precipitation events, as Table 3.1 indicates

that Winters with greater amounts of precipitation produced larger quantities of
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rockfalls and larger total amounts or rockfall volume than Winters with less
precipitation. Understanding the relationship between precipitation and rockfall
over the Winter is challenging, however, as pore water pressures may only
increase within fractures (and thereby destabilize rock blocks) when the snow
melts, and the rate at which it melts is dependent on other variables such as
temperature changes and exposure to solar radiation. The rockmass is largely
considered stable during the Winter due to the low levels or rockfall that were
observed.

Spring: Freezing processes continue to weaken the surficial portion of the
rockmass through the early Spring. At some point each Spring, thawing
processes begin to dominate temperature effects on the slope, as indicated by
the decreasing numbers of freezing days and freeze-thaw cycles after February
and March in Figures 3.8 7 3.9. At this point, snowmelt may combine with fresh
precipitation and melted ice within the rockmass itself to promote significant
amounts of typical (i.e. smaller volume) rockfall due to increases in pore water
pressure. This is reflected by the large jumps in typical rockfall activity following
the peak or conclusion of the freezing activity and the significant increase in
rockfall in the month of March shown in Figures 3.8 and 3.9. This result is also
consistent with literature, where the annual thawing out of the rockslope has
been found to generate large amounts of rockfall (Matusoka and Sakai, 1999;
Macciotta et al., 2015; Db6amato et al, 201
larger, individual precipitation events to generate larger amounts of rockfall and

rockfall volume does seem to exist in the Spring, as indicated by the dot plots in
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Figure 3.12 and the rolling window results in Figure 3.14. The lack of positive
correlations with high r2 and low p-values in Table 3.1, however, indicates that,
as a whole, Springs with more precipitation or more freezing processes do not
generate significantly more rockfall than Springs with less precipitation or
freezing processes. This suggests that individual or short-term weather events
influence rockfall activity more so than the cumulative effects of weather over the
course of each Spring.

Summer: Over the course of the Summer, the near surface portion of the
rockmass that was weakened by freezing processes in the previous freezing
period is dislodged as rockfall by precipitation events as indicated by the linear
regression results between total number of rockfalls and total precipitation (per
Table 3.1). Because the rockmass has already been weakened, the size of the
precipitation event does not always correspond positively to the magnitude of
volumetric rockfall activity, and large rockfall events may be triggered by smaller
or ordinary precipitation events as indicated in the dot plots in Figure 3.12 and
the lack of strong correlations between precipitation and rockfall volume over the
Summer in the rolling window analyses.

Fall: In the Fall, remaining unstable rocks may continue to fall, but there are
substantially less unstable blocks available. For this reason, a decrease in
rockfall activity is generally observed. By mid to late Fall, the rockmass is
considered fistabledo again and the positive
magnitude and increased rockfall activity return, as indicated by the rolling

window results in Figure 3.14 and the seasonal linear regression results in Table
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3.1. The destabilization of the rockmass may then continue in the following

Winter months when freezing processes return.

The general trend for rockfall activity during this annual rockfall cycle is thought
to be consistent with that shown for total number of typical rockfalls in Figure 3.8, where
rockfall quantities are low over the Winter and freezing processes weaken the surficial
rockmass, increase sharply in the Spring following the thawing of the slope, remain at
elevated levels throughout the Summer as precipitation and potentially other factors not
considered in this analysis (root wedging, dynamic loading, thermal expansion and

contraction, etc.) remove loose rockfall from the slope, and decrease in the Fall.

These results differ from much of the existing literature regarding rockfall-weather
relationships in a variety of ways. The volume estimates obtained allowed for volume to
be used as a key variable in correlations between rockfall and weather variables. The
focus on a large number of smaller, more common rockfalls is also a feature of this
study that is not examined as frequently compared to the causes behind more
infrequent, significantly larger volume rockfall events. A detailed analysis of specific
individual outlier rockfall events was not conducted in this study due to the exact date of
rockfalls not being accurately known. It is considered, however, that over the course of
the Spring and Summer, when 70% of outlier rockfall volumes occur, that the cause of
these rockfall events may either be more random, more closely related to features of
specific, short term weather events, and/or are related to conditioning factors that act
over a longer span of time than that analyzed in this study. The few outlier rockfall
volumes that occur in the Spring and Fall appear to be related to precipitation that

occurs prior to the rockfalls, as indicated by the dot plots in Figure 3.12, although the
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influence is not highly discriminative. Regardless of the causes behind these outlier
rockfall volumes, it is expected that the dynamics behind them may differ somewhat
from more typical rockfall volumes. Another more prominent feature of this study is the
guantification of the relationship between air freezing index and rockfall variables. While
the examination of relationships between air freezing index and rockfall activity has
been suggested in the past, notably by Matsuoka and Sakai (1999) where greater frost
depths were suggested to be related to larger rockfall volumes, the specific relationship
has not been quantified to the same extent as it has been in this study. Finally, the
examination of long-term antecedent periods allowed for the identification of
conditioning factors that are interpreted to influence rockfall over the course of months
or seasons, which differs from the focus on triggering factors in much of the existing

literature.

Some limitations regarding this study must be noted, however, as the results
presented here are not expected to be universally applicable. These limitations include

the following:

1 The results presented here are only truly valid for the Floyd Hill rock slope. The
behaviors regarding the annual rockfall cycle and how freezing processes
influence rockfall volumes in the following seasons may be valid where similar
weather, rock type, and rock slope geometry exist, but this hypothesis needs to
be tested by performing similar analyses on other rock slopes.

1 While the rockfall monitoring period for this study consists of about 5.5 years,
most of 2017 is missing from the data, reducing the availability of higher

frequency data to just 4.5 years. This are enough data to perform meaningful
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analyses on trends that act over the timeframe of years, but the inclusion of
additional yearso6é6 worth of high frequency
increase both the practical and statistical significance of the results.

The precipitation measurements with snowfall events may be limited in terms of
their accuracy. The weather monitoring station used in this study utilizes a
conical shaped rain collector to collect precipitation and direct it towards a tipping
spoon rain gauge that measures the total precipitation and precipitation rate.
During snowstorms, snow may be collected within the conical shaped rain
collector and then the water associated with this snow may be measured as the
snow melts. The precipitation measurement is thus limited by the ability of the
conical shaped rain collector to collect snow. Wind conditions and obstructions
around the rain collector may impact the amount of snow that is collected, and
the time the precipitation is measured will be the time at which the snow melts,
rather than the time it falls. Despite these limitations, the weather monitoring
station is still able to produce precipitation measurements from snow and can
differentiate between large snowstorms and small snowstorms.

Differences in weather conditions due to localized effects at either the weather
monitoring station and/or the Floyd Hill rock slope 4 km away may be present.
These could result in discrepancies between the recorded weather data and the
actual weather that is occurring at the rock slope. Additionally, the use of
thermistor probes installed at depth within the rockmass itself would allow for a

higher degree of accuracy in evaluating when freeze-thaw cycles and prolonged
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freezing periods are experienced at the slopes surface and at depth within the

rockmass.

3.6 Conclusions

The goal of this study was to evaluate the factors triggering and conditioning
rockfall at the Floyd Hill rock slope located between Idaho Springs and Denver,
Colorado. Using TLS lidar data collected with a typical two to three week temporal
frequency over 5.5 years, a rockfall database was assembled. This rockfall database
was then used to analyze relationships with weather over various sized time windows.
Based on a qualitative evaluation of trends in rockfall and weather, linear regressions
performed between rockfall and weather data, and a rolling window linear regression
analysis performed over the entire timeframe of the study, the following conclusions

were drawn:

1 Although the total amount of precipitation that occurred during a given scanning
interval (approximately two to three weeks) was found to be correlated to the
volume of rockfall observed during that period in the Springs and Falls of most of
the years considered, individual large rockfalls observed during the Summer
months (when the occurrence of large rockfalls is elevated) were not found to
necessarily be linked to periods of high precipitation. This conclusion is
supported by the lack of an appreciable difference between precipitation that
occurs during scanning intervals with and without outlier rockfall volumes in the
Summer and the lack of strong correlations between precipitation and rockfall
volume during the Summer for short antecedent windows in the rolling window

analysis and concurrent seasonal linear regressions. A strong, positive
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correlation does exist between the total number of rockfalls and total precipitation
in the Summer, however, indicating that precipitation can still trigger rockfalls
during this season, but it does not have a clear direct influence on the volumes of
the rockfalls that occur.

Air freezing index in a given Winter was found to correlate well with the
logio(arithmetic mean of rockfall volume) in the Spring through Fall (and
particularly in the Summer) following that Winter. This was interpreted to indicate
that higher air freezing index values are associated with greater amounts of
freeze-thaw and deep-freezing events that can weaken rockmass fractures to
greater degrees and/or at greater depths of within the rockmass, leading to a
greater likelihood of large volume rockfalls.

A model for an annual rockfall cycle was proposed, beginning with freezing
processes over the Winter and early Spring that weaken the surficial portion of
the rockmass. Significant amounts of rockfall are then produced in the Spring
when the rockmass thaws and pore pressures are likely to be elevated. Over the
Summer, elevated rockfall activity continues as precipitation and potentially other
triggering processes not considered in this study remove loose rocks from the
slope. Finally, during the Fall rockfall rates reduce as most of the unstable
material on the slope is considered to have been removed throughout the Spring

and Summer.
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CHAPTER 4
DEVELOPMENT OF A ROCKFALL DATABASE FROM DAILY FIXED SITE
PHOTOGRAMMERTY MODELS OF A SLOPE NEAR

IDAHO SPRINGS, COLORADO

4.1 Introduction

The study presented here seeks to use a fixed site photogrammetry station
(Kromer et al., 2019) to detect rockfalls (with daily temporal resolution), build a rockfall
database, analyze the relationship between detected rockfalls and weather, and
compare rockfall activity at this study site to concurrent rockfall activity at the Floyd Hill
study site. This work has been made possible due to structure from motion (SfM)
photogrammetry being developed as a flexible and cost-effective option for creating 3D

models o f Earthés surface features over t he

SfM photogrammetry requires little more than digital photographs and readily
available software (James and Robson, 2012; Santise et al., 2017) allowing for it to be
iImplemented with relative ease and in a wide variety of locations. SfM itself operates by
first taking in a series of photographs, each offset from each other with a high degree of
overlap. Common features within the photographs are automatically identified and used
to solve for the position and orientation of the cameras and geometry of the target. This
process is iteratively repeated as the solutions for the camera positions and orientations
are refined until a final model is constructed (Snavely, 2011; Westoby et al., 2012).
Some of the earliest examples of using SfM photogrammetry for geoscience

applications involved using individual cameras and taking multiple photos with them
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from a variety of positions. Westoby et al. (2012) captured 889 photos using a
consumer grade camera to create a model of an 80 m high coastal cliff in Aberystwyth,
Wales, UK. James and Robson (2012), meanwhile, used a single camera and 210
images to model a hand sample of volcanic rock in great detail and captured 138
images from a light aircraft to create a 3D model of the kilometer-wide summit of Piton
de la Fournaise volcano on the island of Reunion, demonstrating the effectiveness of

SfM at various scales.

More recently, the advantages of fixed-site photogrammetry stations, such as the
one employed in this study, have been explored. Fixed-site photogrammetry stations
involve multiple cameras that are installed at specific locations and automatically take
photos at regular intervals, thereby removing the need for individuals to take
photographs manually from various positions. These setups are useful for automatically
collecting data with high frequency (from seconds to days) and for potentially long
periods of time (months to years). Eltner et al. (2017) used three cameras with fixed
positions to study soil surface changes at 15 second intervals during a thunderstorm
and during a simulated rainstorm and were able to detect changes with cm to mm
accuracy. Santise et al. (2017) used a fixed five camera system to create models for a
building facade and for a small rock wall. In their study, the cameras were set up to be
fully autonomous with photograph schedules being able to be set remotely and photos

automatically uploaded to an FTP server.

Within the context of slope monitoring, fixed site photogrammetry systems offer
many distinct advantages over other remote sensing methods. As noted in other studies

(James and Robson, 2012; Westoby et al., 2012; Santise et al., 2017; Kromer et al.,
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2019) advantages of SfM photogrammetry over other remote sensing options include

the following:

1 SfM photogrammetry, whether fixed site or otherwise, offers a considerably more
cost-effective means of creating 3D models and monitoring slopes when
compared to lidar (be it terrestrial, aerial, or mobile) and radar technologies.

1 Collecting data in remote or hard to access areas is more easily done with SfM
photogrammetry, as only a digital camera or system of cameras needs to be
brought to the site.

1 Fixed site photogrammetry stations may be accessed remotely and fully
automated, thereby greatly reducing the amount of manual input required in the
data collection process.

1 Fixed site photogrammetry stations may be set to collect data with very high
frequencies (on the scale of minutes to days). This frequency is often impractical
to obtain with lidar, although it has been achieved in the literature (Kromer et al.,

2017; Williams et al., 2018).

The daily temporal resolution of the photogrammetry data used in this study
allows for the time of eachr oc kf al | 6s occurr enc+outperiodde known
allowing for a high degree of accuracy in assessing relationships between weather and
individual rockfall events. Other studies have analyzed relationships between
precipitation and rockfall activiiy (Mat eos et al ., 2012; Delonca et
al., 2016; Matsuoka, 2019; Bajni et al., 2021), but are lacking in their ability to know the
exact date that a rockfall occurred, have inaccuracies with respect to how rockfall

volume is calculated, and/or are biased towards only identifying rockfalls that settle at
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the base of the rock slope or along some linear infrastructure. In this study, however,

the time of a rockfall s occthourperiod an i s known
accurate rockfall volume estimate can be made using shape reconstruction from the

point cloud models (Bonneau et al., 2019), and all rockfalls may be identified whether

they reach the bottom of the slope or come to a stop higher up on it.

4.2 Background

4.2.1 Idaho Springs Site Rock Slope

The fixed-site photogrammetry station, hereafter referred to as the ldaho Springs
site due to its close proximity to the Colorado town of the same name, is located along
the westbound lane of Interstate 70 (1-70), approximately 50 km west of Denver,
Colorado. A full description of the Idaho Springs rock slope may be found in Chapter 1
(Section 2). The accompanying weather database to the Floyd Hill rock slope is named
Lower Fall River Road (Weather Underground, 2021b) and is located approximately
2.2 km away from the rock slope and at an elevation only 80 m higher. Weather data
from Lower Fall River Road was collected every five minutes during the duration of this

study period.

4.2.2 ldaho Springs Fixed-Site Photogrammetry Station

The fixed-site photogrammetry station developed by Kromer et al. (2019) at the
Idaho Springs site is comprised of five cameras each around 10 m i 15 m apart from
the next neighboring camera. The entire camera array is approximately 80 m away from

the base of the rock slope, which lies across Clear Creek and I-70 from the
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photogrammetry station. Figure 4.1 illustrates the approximate locations of each camera

and highlights the portion of the slope that they capture.

| Camera Locations at Idaho Springs Site

Aproximate locations with portion of slope covered by camera highlighted

I

Legend

Camera 1
Camera 2
Camera 3
Camera 4
Master Camera
Slope Area

Figure 4.1: Approximate locations of cameras in Idaho Springs photogrammetry site
with the portion of the rock slope that they cover highlighted.

Each camera is a Canon 5DSR with 50-megapixel resolution with a Canon EF 85
mm prime lenses housed in a weatherproof case and powered by a solar panel. The
cameras are laid out in such a way so that the central camera (master) has 50% overlap
with the two cameras neighboring it on either side (cameras 2 and 3). The intermediate
cameras (2 and 3) then have a 100% overlap with the outermost cameras (1 and 4).
Each camera is scheduled to take two photographs a day, the first at 12:00pm and the

second at 12:30 pm. Photographs have been continuously captured at the Idaho
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Springs site since March 13, 2018 (minus some periods with equipment issues). An
automated workflow described in detail in Kromer et al. (2019) uses these daily photos
to build 3D SfM photogrammetric models, aligns and scales each new model to a base
model created from a terrestrial laser scan of the site, filters vegetation, and performs
change detection between sequential models. The steps performed as part of this study
(described in the methods section) begin with the change detection models already
having been developed with the process described in Kromer et al. (2019) and
continues the processing workflow by clustering areas of change above a threshold
value, estimating the volume of these change clusters, and separating rockfall clusters

from erroneous change clusters.
4.3 Methods

In order to create a rockfall database from the existing SfM change models
created using the methods described in Kromer et al. (2019), three main steps needed

to be completed:

1. Cluster areas of change above and below a certain threshold value (the limit of

detection) and extract them as individual point clouds.
2. Reconstruct each clusterés surface and est
3. Filter clusters so that only true rockfall clusters remain in the final rockfall

database.

These steps were conducted for every day between May 1st, 2019 and August
31st, 2019 in order to fully process each daily change model into rockfall volumes. This

time period was selected because it coincided with a period of increased rockfall activity
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at the Floyd Hill study site (documented in Chapter 3). Given that the two sites are only
13 km apart, it was expected that the chances of identifying numerous rockfalls at the

Idaho Springs site were increased during this time period.

Prior to performing the first step listed above, the existing change models were
subsampled down to a minimum point spacing of 2 cm. This subsampling was
performed to reduce processing time, improve the quality of the clustering process (the
density-based spatial clustering of applications with noise (DBSCAN) algorithm (Ester et
al., 1996) performs better with regular point spacing), and allow for the same DBSCAN
parameters previously employed for the Floyd Hill data processing (Malsam et al., 2021)
to be employed for Idaho Springs data processing. An initial segmentation was also
applied to the change models to remove areas of persistent vegetation that had not
already been removed in the workflow developed by Kromer et al. (2019) so that less
clusters representative of vegetation would be created, and less filtering would

subsequently be required.

The clustering step was conducted using code developed by Schovanec et al.
(2021). This clustering code first removes change above and below the limit of
detection, then removes positive changes from the forward change direction (older
model to newer model) and negative changes from the reverse change direction (newer
model to older model - to prevent the accumulation of debris from being clustered), and
finally clusters the change using DBSCAN (Ester et al., 1996). The limit of detection for
the Idaho Springs photogrammetry data was documented in Kromer et al. (2019) as
varying between 2 and 3 cm. In this study, a change threshold of 2.5 cm was used,

meaning any change within +/- 2.5 cm was thus considered to be not representative of
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rockfall; note that the only potential negative impact of using a lower (i.e. optimistic)
change threshold than the limit of detection is that on days with lower accuracy models,
a greater number of erroneous clusters will be created and will then be required to be

filtered out during manual cluster verification.

The second step, surface reconstruction and volume estimation, was performed
using the iterative alphaSolid code developed by Bonneau et al. (2019) in MATLAB.
This method iteratively reduces radii that define a triangular mesh until the smallest
radius is found that ensures a watertight, manifold mesh is developed free of any holes.
With the surface of the cluster having been reconstructed, the volume of the cluster can

then be estimated.

The final step, cluster filtering, was performed by visually assessing the point
cloud clusters and only retaining those that resembled potential rockfalls. The use of an
automated cluster filtering process, such as that described for Floyd Hill in Chapter 2,
was not utilized here due to the total number of clusters produced being small enough
for only manually filtering to be conducted. Potential rockfalls were visually distinct and

can be described by the following:

1 Clearly defined points representing the front, back, and side surfaces. Free of
any large holes or missing surfaces.

1 Back surface and front surface geometries are different. In the event that they
look very similar (particularly on curved surfaces) it may be a remnant scaling or

alignment issue.
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1 Rockfalls at the Idaho Springs site are typically not characterized by having two
long axes and one short axis (i.e. a platey geometry). When this geometry was

observed in a change cluster, it was most often a scaling or alignment issue.

It was discovered, however, that there were several circumstances that could
exist on the rock slope that would produce clusters that fit all the visual criteria of being
a rockfall but, upon checking the original photographs, turned out to be false positives.
Figure 4.4 shows the first example of this phenomenon. In this circumstance, a limb of a
bush changes focus between the first and second photos and may also have changed
position slightly between these two photos due to wind. Subtle changes in lighting may
also influence why this limb was clustered. Ultimately, in the August 17t photo, the limb
of the bush stands out from the background rock more distinctly and the subsequent
points assigned to that area during the SfM model building process were positioned
closer to the camera. In the August 18" photo the limb of the bush is less visually
distinct from the background, causing the SfM model building process to assign the
points closer to the background rock and further away from the camera. This creates
the front and back surfaces that define the cluster, as shown in Figure 4.2 panels A and
C. It may be noted in panel B that the RGB color of this cluster is greenish. While this
may immediately indicate that the cluster is vegetation, it should not be the sole reason
for immediate removal from consideration due to the variety of colors that both the rock
and vegetation can take on during different times of the year and under different lighting

conditions.
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Figure 4.2: Example case where subtle changes in focus, lighting, and the position of a
limb of a bush produce a cluster that visually appears to be a potential rockfall cluster.
The scale bar in panel A only applies to panel A while the scale bar in panel C applies
to both panels B and C. A) Side view of cluster. B) Front view of cluster with RGB
coloration applied. This cluster is distinctly green indicating that it is likely vegetation. C)
Vertical view of cluster.

A second set of circumstances that often led to false positive clusters is
illustrated in Figure 4.3. In this case, the lighting conditions on the rock surface behind a
small shrub change between the August 1st photo and August 2"d photo. In the August
1st photo, there is a lack of detail on the rock surface behind the shrub and as a result
the location of the points was assigned to the shrub. In the August 2"9 photo, however,
the lighting conditions reveal more detail behind the shrub, allowing for the location of
points to be assigned to the rock surface itself. These conditions create the front surface

and back surfaces of the potential rockfall cluster, respectively.
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Figure 4.3: Example case where varying lighting on the rock surface behind a small
shrub cause points to be assigned to the shrub itself in the older model but then are
assigned to the rock surface in the newer model. The scale bar in panel A applies to
panels A, B, and C. A) Side view of cluster. B) Front view of cluster with RGB coloration
applied. This cluster has no distinct color that would indicate it to be vegetation. C)
Vertical view of cluster.

A third condition that often led to false positive rockfall clusters is illustrated in
Figure 4.4. In this case, shadows caused by overhanging rock features obscured the
rock in the May 5™ photo, but the rock is better lit in the May 6™ photo. When the rock is
dark due to shadows, the points associated with the shaded space were assigned
closer to the better lit rock surrounding it, creating the front surface of the cluster. When
the rock previously in shadows became better lit, the points were then assigned to the

rock surface itself in the formerly shaded area, creating the back surface of the cluster.
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Figure 4.4: Example case where varying lighting conditions or a rock surface beneath
an overhanging rock feature produce a cluster that visually appears like a potential
rockfall. The scale bar in panel A only applies to panel A while the scale bar in panel B
applies to both panels B and C. A) Side view of cluster. B) Front view of cluster with
RGB coloration applied. This cluster has no distinct color that would indicate it to be
vegetation. C) Vertical view of cluster.

In summary, conditions that produced clusters visually similar to true rockfalls but
that were labeled as false positives upon reviewing the original photographs consisted

of the following:

1 Grass, shrubs, or bushes changing position due to wind or other factors between
two photos.

1 Grass, shrubs, or bushes that are more in focus or better lit than the rock surface
behind them in the first photo and more out of focus or more poorly lit than the
rock surface behind them in the second photo. This order of conditions puts the

older surface in front of the newer surface, which is correct for a rockfall. If the
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order is reversed (i.e. well lit background in first photo followed by well lit
vegetation and shaded background in second photo) then the newer surface will
be placed in front of the older surface, which is inconsistent with rockfall.

1 Areas that are shaded by overhanging features in the first photo and then are
better lit in the second photo.

1 Foreground objects (trees, leaves, sticks) near the cameras obscuring a portion

of the rock surface in the second photo but not in the first.

Due to these conditions generating false positive clusters, manual verification of
all clusters that visually looked like rockfall was conducted by comparing the original
photographs to confirm if a rockfall had indeed occurred. Once a cluster was confirmed
as being a rockfall through photograph verification, it was added to the rockfall

database.
4.4 Results

Through the time period analyzed at the Idaho Springs site for this study 11
rockfalls were identified. These 10 rockfalls occurred during seven distinct photo
intervals (time between a first and second photograph) with an 11t rockfall occurring
within the data gap between July 1st and July 9. Table 4.1 provides details for each of
the 11 rockfalls that occurred during the study period. An example of a photo-verified
rockfall is shown in Figure 4.5. All 11 rockfalls and their respective location on the Idaho
Springs rock slope are shown in Figure 4.6. It can be observed that the majority of
rockfalls occurred on the lower half of the slope where the slope was steepened to
make room for the construction of 1-70. A magnitude cumulative frequency curve (MCF)

for the 11 rockfalls recorded is shown in Figure 4.7. MCF curves have been used in
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numerous studies to display the relative frequency of different rockfall volumes and

derive other useful information such as the relative distribution of small and large

rockfall volumes (Van Veen et al., 2017; Williams et al., 2018; Schovanec et al., 2021).

Table 4.1: Data for 11 rockfalls recorded at the Idaho Springs site between May 15,
2019 and August 31st, 2019.

Rockfall 1D Photo 1 Date (Time) Photo 2 Date (Time) Volume (m3)
1 05/09/2019 (12:33) 05/10/2019 (12:08) 0.0134
2 05/09/2019 (12:33) 05/10/2019 (12:08) 0.0557
3 05/09/2019 (12:33) 05/10/2019 (12:08) 0.0019
4 05/10/2019 (12:08) 05/10/2019 (12:37) 0.0056
5 05/20/2019 (12:35) 05/21/2019 (12:04) 0.0105
6 05/20/2019 (12:35) 05/21/2019 (12:04) 0.0172
7 05/23/2019 (12:37) 05/24/2019 (12:06) 0.0026
8 06/15/2019 (12:03) 06/16/2019 (12:06) 0.0008
9 06/30/2019 (15:55) 07/01/2019 (10:40) 0.0040
10 07/01/2019 (12:20) 07/09/2019 (9:17) 0.0014
11 07/31/2019 (12:03) 08/01/2019 (12:22) 0.0021
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Figure 4.5: Photograph verification example for a rockfall at the Idaho Springs site, with
and without rockfall outline shown. This is rockfall number two, the largest of the
recorded rockfalls, which occurred between May 9t and May 10™, 2019. It can be
observed that rain is falling in the in 05/10/2019 photo.
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Figure 4.6: Locations for all 11 rockfalls that were recorded at the Idaho Springs site
during the study period between May 15t and August 31st, 2019. Rockfalls are colorized
according to the date of their occurrence and numbered according to their ID number in
Table 4.1.
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Figure 4.7: Magnitude cumulative frequency curve for rockfalls detected at the Idaho
Springs Site over the course of the study period. Power law fit applied to volumes larger
than 0.002 m3, as below this value data points diverge from the linear (in log i log
space) power law fit.
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A goal of this study is to analyze the relationship between rockfall and
precipitation. Precipitation totals were measured by summing all precipitation that
occured between the earliest of the first and second photos (typically taken around
12:00 pm). This precipitation is referred to as photo-to-photo precipitation since it begins
at the first photo and concludes at the second. Temporal relationships between the total
number of rockfalls from each photo interval and photo-to-photo precipitation are
displayed in Figure 4.8. Rockfall number 10 in Table 4.1 is excluded from the
visualization, as a gap in data exists where there are no photos between July 1st and
July 9, 2019. The exact date of rockfall number 10, therefore, is unknown. Rockfall
number four in Table 4.1 is known to have occurred between 12:08 pm and 12:37 pm
on May 10%, 2019, but was assigned to have occurred during the photo interval
between May 10" and May 11t in Figure 4.8 to maintain a consistent methodology with
the other rockfalls presented (i.e. each interval begins when the first photo of each set

was taken).
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Figure 4.8: Visualization of rockfall activity and photo-to-photo precipitation activity for
the duration of the study period at the Idaho Springs site.
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It can be seen in Figure 4.8 that each photo interval that contained rockfall also
contained precipitation. It should also be noted that several large precipitation events
were found to have occurred without having triggered any rockfall. Similarly, some

rockfall coincided with relatively small precipitation totals.

In total, the study period from May 1t to August 315t 2019, contained 115 valid
photo intervals (i.e. excluding the data gap from July 1 to July 9). Table 4.2 breaks down
the numbers of these photo intervals that contain rockfall versus those that do not, as
well as photo intervals that do and do not contain precipitation. Once again, rockfall
number 10 in Table 4.1 was not included in this analysis as its exact date is not known.
As in Figure 4.8, rockfall number four is assigned the photo interval from May 10t and

May 11t for its time of occurrence.

Table 4.2: Totals for photo intervals with and without rockfall and with and without
precipitation over the course of the study period at Idaho Springs.

Photo-to-Photo Precipitation
Photo Intervals | With Precipitation | Without Precipitation Totals
With Rockfall 7 0 7
Without Rockfall 35 73 108
Totals 42 73 115

The values presented in Table 4.2 allow for the observed rates of occurrence for
rockfall occurring under various conditions to be calculated. For example, the rate at
which at least one rockfall occurred on any given photo interval was 7 out of 115 or 6%,

the rate at which at least one rockfall occurred during a photo interval without
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precipitation was 0 out of 73 or 0%, and the rate at which at least one rockfall occurred

during a photo interval with precipitation was 7 out of 42 or 17%.

The distribution of precipitation totals for photo intervals with and without rockfall
can also be viewed as box plots to assess whether photo intervals with rockfall possess
a higher average precipitation amount than photo intervals without rockfall. These box
plots are shown in Figure 4.9. Note that this analysis only considers photo intervals
during which precipitation occurred (photo intervals with precipitation = 0 mm must be

omitted because of the log-transform applied to the data).

p-value
- 0.24

10
E
£
c
.©
I
a 1
Q
o
o

0.1

B Photo Intervals Without Rockfall @ Photo Intervals with Rockfall

Figure 4.9: Box plot of precipitation totals for photo intervals with and without rockfall.
AXO0 indicates t he nefta logagthme trangorntateon. Havizontat a | u e
lines indicate median values. Dots indicate outlier values.

A p-value were calculated based on log-transformed precipitation data using
We | ¢ h ésamplewtest which allows for un-equal variances and sample sizes for
both distributions. The un-equal variance approach is appropriate for this data set, as
only seven photo intervals with rockfall are included compared to 40 intervals without

rockfall (again, note that intervals without precipitation are excluded).
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The final objective for this study was to compare and contrast the rockfall activity
documented at the Idaho Springs site with the rockfall activity that occurred concurrently
at the Floyd Hill site. The TLS scanning intervals for Floyd Hill were overlayed with the
Idaho Springs rockfall data, and then the Idaho Springs rockfall were divided by the
number of days in each respective Floyd Hill scanning interval. For example, during the
Floyd Hill 5/13/2019 to 5/25/2019 scanning interval three rockfalls occurred at the Idaho
Springs site. These three rockfalls were divided by the number of days between
5/13/2019 and 5/25/2019 to make comparison to the number of rockfalls that occurred
in the same time interval at Floyd Hill possible. The Floyd Hill rockfall rates, meanwhile,
were divided by a factor of eight to account for the slope area at Floyd Hill (~14,000 m?)
being roughly eight times as large as the slope area at Idaho Springs (1,750 m?). This
effectively gives the rockfall rate for every 1,750 m? of slope area. Plots showing the
rates at each slope for total numbers of rockfall per day and total rockfall volume per
day are displayed in Figures 4.10 and 4.11. Figure 4.12 shows the precipitation that
occurred at both the Idaho Springs and Floyd Hill sites over the duration of the study

period at Idaho Springs.
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Figure 4.10: Comparison between the total number of rockfalls per day at the Idaho
Springs site and the Floyd Hill site.
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Figure 4.11: Comparison between the total rockfall volume per day at the Idaho Springs
site and the Floyd Hill site. Time intervals at the Idaho Springs site without any rockfall
not shown due to total rockfall volume per day being a logarithmic axis.
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Figure 4.12: Precipitation at both the Idaho Springs and Floyd Hill study sites throughout
the duration of the study period at Idaho Springs.

45 Discussion

Based on the rockfall data collected, it can be stated that within the study period
considered, the month of May had the highest number of rockfalls (seven), June and
July both saw reduced rockfall rates with two rockfalls occurring in each month, and
August saw no rockfalls across the entirety of its duration. This result is consistent with
the overall annual trend for rockfall proposed at the Floyd Hill site in Chapter 3, where
elevated rates of rockfall activity occurred in the Spring when the rockmass was freshly
weakened by freezing processes in the previous Winter, rockfall remained common
throughout the Summer (but with a decreased frequency compared to the Spring), and
a substantial decrease in rockfall activity occurred towards the end of the Summer and

beginning of the Fall. It cannot be stated conclusively, however, whether the Idaho
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Springs site follows a similar pattern of

of data.

It also must be noted that the Idaho Springs rockfall database likely contains all
rockfalls that occurred during the study period that are larger than 0.002 m? (the
apparent MCF curve rollover point per Figure 4.7), but it is likely that at least some
rockfalls smaller than 0.002 m3 fail to be identified due to inherent resolution limits.
Failing to detect all rockfalls may potentially affect how the rockfall activity at the site is

interpreted, though from a practical standpoint such small rockfalls may be disregarded.

An advantage of the Idaho Springs rockfall database compared to others, such
as the Floyd Hill rockfall database, is that for 10 of the 11 rockfalls documented, the
time of the rockfall 6s ohow periad.éhiscadbows faa k n o wn
more accurate understanding of what weather conditions existed immediately leading
up to or during the rockfall s occurrence.
be stated that precipitation was consistently acting as a rockfall trigger, as 100% of the
photo intervals containing rockfall also contained precipitation events. Not all
precipitation events, however, caused rockfall, as 36 of the 42 intervals with
precipitation did not contain rockfall. While not every storm produced rockfall, on
average, larger storms were more likely to do so, as indicated by the box plots in Figure
4.9. The mean and median values for precipitation that occurred during photo intervals
with rockfall were considerably higher than the mean and median precipitation values
associated with photo intervals without rockfall. With that being said, the range of
precipitation totals was similar for both photo intervals with and without rockfall, and the

largest precipitation totals were associated with photo intervals without rockfall.
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Overall, while intervals with rockfall appear to be associated with relatively large
precipitation totals, not all large precipitation events produced rockfall. In fact, for photo
intervals with photo-to-photo precipitation totals larger than 10 mm, only two out of four
(50%) produced rockfall. This percentage is considerably higher, however, than that of
photo-to-photo intervals with precipitation totals greater than 0 mm but less than 5 mm,
where only 4 out of 38 (11%) produced rockfall. It is worth noting that only seven photo
intervals containing rockfall were used in this analysis, as the July 1stto July 9™ interval
and associated precipitation were excluded due to the photo data gap. The addition of
more time intervals containing rockfall would allow for more significant and conclusive
results and, if multiple yearsodé worth o

in rockfall activity.

In comparing rockfall activity at Idaho Springs and Floyd Hill it may first be noted
that after all data were normalized to allow for direct comparisons, neither slope can be
said to have been consistently more active than the other, as indicated by Figures 4.10
and 4.11. Within the study period analyzed, however, both slopes showed similar levels
of activity by mid-July and the differences between their total numbers or rockfall per
day and total rockfall volume per day per 1,750 m? of slope area were limited. This time
period also corresponded with a decrease in precipitation as indicated by Figure 4.12,
as only one precipitation event was associated with more than 5 mm of rainfall past July
23 at both sites. The similar, decreased levels of rockfall activity past mid-July may be
explained in two ways. The first is that a decrease in precipitation, when compared to
the previous months studied, resulted in less events that may trigger rockfalls. The

second is that by this time of year the rock slope may not have as many rock blocks on
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the slope that were unstable enough to the point that small precipitation events could
dislodge them as rockfall. This hypothesis was also proposed for the Floyd Hill rock
slope in Chapter 3 to explain its decrease in rockfall activity in the Fall and lack of
correlation between the magnitude of a precipitation event and magnitude of a
corresponding rockfall event in the Summer. Furthermore, it may be that in the absence
of precipitation large enough to trigger rockfall, the background levels of rockfall activity
caused by other conditioning factors (solar radiation, temperature fluctuations,
microseismicity etc.) and slope processes are similar. When precipitation did appear to
be triggering rockfalls, however, it is possible that localized differences (either in total
amount of precipitation and/or precipitation intensity) were responsible for the variations
in rockfall activity between Idaho Springs and Floyd Hill. Several instances exist where
precipitation occurred at both Floyd Hill and Idaho Springs on the same day (i.e.
regional weather patterns) and in similar quantities but the rockfall response was
considerably different at both sites. Examples of this may be seen to occur between
May 1st and May 29", 2019 and between June 12" to June 26", 2019. Local variations
in storm intensity and/or duration may, therefore, help explain why Idaho Springs and
Floyd Hill alternated between being the more active slope throughout the study period

as indicated by Figures 4.10 and 4.11.

It should be noted that when comparing Floyd Hill and Idaho Springs rockfalls the
limit of detection at Floyd Hill (1.8 cm) was smaller than that at Idaho Springs (2.5 cm).
This smaller limit of detection allowed for more smaller volume rockfalls to be detected
at Floyd Hill than at Idaho Springs. This helps to explain why no time intervals were

recorded at Floyd Hill between May and August of 2019 without any rockfall while
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several periods of time at Idaho Springs existed in which no rockfall were detected. The
fracture orientations at Floyd Hill may also be more conducive to generating rockfall
than those at Idaho Springs, and the slope at Floyd Hill is substantially steeper than that
at Idaho Springs. These factors may also have contributed to fewer time intervals

without recorded rockfall at the Floyd Hill site.

One of the key findings from this study has nothing to do with any of the rockfalls
themselves, but rather pertains to the challenges that were associated with creating a
rockfall database from photogrammetry models. Sub-meter scale rockfalls were
challenging to identify from SfM point clouds on vegetated slopes and/or slopes with
many overhanging features that cast shadows. Variations in lighting and focus were
found to create conditions where vegetation and shaded areas could be easily mistaken
for rockfall volumes unless manual verification was conducted using the original photos.
This issue, however, is not expected to be as pronounced if only larger rockfalls are
being identified, as it is unlikely that small patches of vegetation or shadows would be
mistaken for a rockfall with a volume on the order of meters cubed. Additionally,
performing the manual verification steps described in the methods section (clustering
change, reconstructing surfaces and estimating volume, and manually filtering clusters)
was a time-consuming process when conducted for daily SfM photogrammetry models.
This is especially true if potential rockfalls need to be photo-verified as was the case in

this study.

Some solutions to these and other challenges for those who perform similar

studies in the future may include the following:
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1 Performing change detection either every month or twice a month will
significantly decrease the amount of data that needs to be processed in order to
identify rockfalls. Potential rockfalls identified through monthly or bi-monthly
change detections can have their interval of occurrence identified by looking at
the original photographs themselves. Following this process will significantly
decrease the amount of time needed to build a rockfall database.

9 Using a larger limit of detection will result in fewer small volume rockfalls being
identified, but will also decrease the amount of vegetation that is clustered and
may be mistaken for rockfall. For the Idaho Springs site many of the false
positive clusters that visually resemble rockfall but are in fact vegetation or
shadows are less than 0.01 m3 (about 20 cm x 20 cm x 20 cm for a cubic
rockfall).

1 It may be possible to apply an automatic filtering process that takes RGB
coloration into account to quickly remove clusters whose colors match those of
vegetation. This would only be valid for times when the vegetation has
substantial foliage, however, as the colors of vegetation during the Winter are not
different enough from the rockmass to be easily distinguishable.

1 Adjusting the time photos are taken such that angled, direct light is not creating
numerous shadows on the rock slope may result in reduced occurrence of
erroneous clusters. For Idaho Springs, shadow effects were often reduced when
photos were taken between 9:00am and 11:00am due to the sun being at a more

favorable angle with respect to the slope.
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1 Installing a weather monitoring station directly at the photogrammetry site would
eliminate uncertainty regarding whether precipitation recorded at the Lower Fall
River Road weather monitoring station is in fact being experienced

simultaneously and to the same degree at the photogrammetry site.
4.6 Conclusions

SfM photogrammetry is a cost effective and reliable method for producing high-
quality three-dimensional models of geomorphologic features. A fixed site
photogrammetry station developed by Kromer et al. (2019) was installed just west of
Idaho Springs, Colorado and has been taking photos of a 50 m wide by 30 m high
rockslope along I-70 since March of 2018. The goals of this study were to use the
photogrammetry site to build a rockfall database, analyze relationships between rockfall
and precipitation, and compare rockfall activity between the Idaho Springs
photogrammetry site and the Floyd Hill terrestrial lidar site for the same period of time. It
was found that developing a rockfall database from SfM photogrammetry models was
difficult due to the frequency with which variations in lighting and focus caused
vegetation and shaded areas to be mistaken for rockfall volumes. As such, any
suspected rockfall was verified by identifying its occurrence on the original photographs

themselves.

In total, 10 rockfalls were found to have occurred during seven day-to-day photo
intervals between May 1st and August 31st of 2019, with an 11% rockfall occurring during
the July 1st to July 9™ data gap. These ranged in volume from 0.0008 m?3 to 0.056 m3
and occurred predominantly in the month of May with decreased activity in June and

July and no rockfalls recorded in August. An analysis of relationships between
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precipitation and rockfall found that 100% of photo intervals that contained rockfall also
contained precipitation, indicating that precipitation was a likely trigger for rockfall
activity. Not all storms were found to have produced rockfall, however, and only around
17% of photo intervals that contained precipitation also contained rockfall. Photo
intervals with rockfall were found to have higher average and median precipitation totals
than photo intervals without rockfall, and among precipitation totals greater than 10 mm,
50% were found to produce rockfalls compared to just 10% for precipitation totals less

than 5 mm.

In comparing the rockfall activity at Idaho Springs to that at Floyd Hill, it was
found that both sites experienced a decrease in rockfall activity by mid-July into August.
This was likely due to precipitation decreasing during that time and both locations
having similar, background levels of rockfall associated (at least in part) with non-
precipitation conditioning factors. This may suggest that both sites required more
substantial amounts of precipitation to increase rockfall occurrence during the time
period studied, though it cannot be said if the amount of rockfall that occurred is directly
dependent upon the magnitude of the associated precipitation event. Furthermore, the
larger differences in rockfall activity between the two sites through the late Spring to mid
Summer suggest that localized differences in precipitation totals and/or intensity may

have influenced variations in rockfall activity.
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CHAPTER 5

SUMMARY, CONCLUSIONS, AND RECOMMENDATIONS
5.1 Research Summary

The computational geomechanics research group at Colorado School of Mines
has been monitoring several rock slopes across Colorado in coordination with CDOT
since 2016. These slopes have been monitored using terrestrial laser scanning and
fixed site photogrammetry remote sensing methods. The primary goal of this research
was to utilize this available data to characterize rockfall activity and evaluate
relationships that might be discovered between weather patterns and rockfall at two
different rock slopes: Floyd Hill and Idaho Springs. This research, therefore, was
intended to contribute to efforts to quantify how weather can initiate rockfall over various
timescales and how rockfall and weather may be related for semi-arid mountainous

environments. Specific objectives related to this overarching goal included the following:

1. Characterize rockfall activity so that typical ranges of volumes, their recurrence
intervals, and any trends with respect to when more active and less active
rockfall periods occur may be known.

2. Analyze how various weather conditions act as triggering and/or conditioning
factors over various timescales.

3. Evaluate which freezing metric has the largest quantifiable effect on rockfall

activity.

In order to achieve these objectives, terrestrial laser scanning data were

collected at the Floyd Hill rock slope between February 111, 2016 and August 315,

114



2021. These data were then processed using a semi-automated workflow adapted for
site-specific application. The final rockfall database created for Floyd Hill included 1,134
rockfalls and was comprised of 80 individual sets of TLS scans with a typical time
between scans of between two to three weeks. This rockfall database was then used to
in conjunction with historical weather data to evaluate the relationships between multiple

rockfall variables and weather variables over a variety of timescales.

Additionally, rockfalls were extracted through the processing of structure from
motion models at the Idaho Springs fixed-site photogrammetry station between May 15,
2019 and August 31st, 2019. Daily SfM change detection models were further processed
toextract potenti al rockfall clusters, estimate t
erroneous clusters. A total of 11 rockfalls were identified at the Idaho Springs site during

the study period.
5.2 Conclusions

Site-specific conclusions that were developed based on the findings from
Chapters two through four are broken up in order of what objective they are associated

with. Conclusions associated with the first objective include the following.

1 At the Floyd Hill site, 1,134 rockfalls were identified over a 5.5 year period. The
largest rockfall identified was 5.4 m3, the smallest rockfall was 0.00011 m3, and
the median rockfall was 0.0014 ms.

1 The creation of a magnitude cumulative frequency (MCF) curve for the entire
Floyd Hill rockfall database allowed for recurrence intervals of rockfalls to be

calculated. A volume of at least 1 m2 fell at a rate of one rockfall approximately
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every 16 months, with more typical sized rockfalls (median value of 0.0014 m3)
falling with a frequency of approximately one rockfall every month. It is, however,
uncertain if this MCF curve can be used to estimate recurrence intervals for
rockfalls outside of the recorded range of volumes.

1 Annual MCF curves for Floyd Hill revealed that rockfall may be spatially clustered
at close enough proximities to be mistakenly grouped together as one larger
rockfall if the time between TLS scans is too large. This is consistent with the
findings of Van Veen et al. (2017) and Williams et al. (2018) who documented
similar phenomenon. While this phenomenon was found to occur, the distribution
of rockfall volumes and frequency with which they occurred remained overall
similar.

1 At the Idaho Springs fixed-photogrammetry site, 11 rockfalls were recorded over
four months. These ranged in volume from 0.0008 m? to 0.056 m?3 and occurred
predominantly in the month of May with decreased activity in June and July (and
no rockfalls recorded in August). This trend of rockfall activity is consistent with
the annual cycle of rockfall activity proposed at Floyd Hill, but it cannot be
concluded if this trend is consistent at Idaho Springs without the examination of

additional yearso6é6 worth of rockfal/l dat a.

Conclusions associated with the second objective include the following:

1 An analysis of the relationship between weather and rockfall activity at Floyd Hill
revealed that the magnitude of precipitation events did not influence the
magnitude of a triggered rockfall event over the Summer months. During this

time, rockfalls varying volumes were associated with a wide variety of
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precipitation totals, with several instances of large rockfalls being associated with
relatively small precipitation events having been identified. With that being said,
Summers with more precipitation possessed more rockfall than Summers with
less precipitation overall. This was interpreted to indicate that precipitation events
may have triggered rockfalls during the Summer, but that the size of any one
precipitation event did not appear to influence the size of any associated rockfall
event. Precipitation was found to be correlated positively with total rockfall
volume during the Springs and Falls with inconclusive results over the Winters
studied. It may, therefore, be possible to propose the use of predicted
precipitation trends to forecast relative rockfall likelihood during the Spring and
Fall, but this cannot be done during the Summers and Winters based on the data
analyzed.

From the rolling window analyses conducted at Floyd Hill is may be noted that
precipitation acts as an immediate triggering mechanism due to the majority of
positive, strong correlations occurring at short antecedent periods (i.e. the 0 to 7
days shown in Figure 3.16). For the freezing metric (days with freeze-thaw cycles
and number of freezing days), many instances of negative correlations between
freezing and rockfall metrics were recorded at short antecedent periods (0 to 7
days). The largest amount of strong, positive correlations between freezing and
rockfall metrics occurring at longer antecedent periods (i.e. the 120 to 180
antecedent days shown in Figures 3.17 and 3.18) indicating that these processes

influence rockfall over seasonal time scales.
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1 An annual rockfall cycle was proposed following the analysis of the results at
Floyd Hill. This cycle begins with freezing processes over the Winter and early
Spring that weaken the surficial portion of the rockmass. In the Spring, significant
amounts of rockfall may then be produced when the rockmass thaws out and
when pore pressures in the rockmass are likely to be elevated. Over the
Summer, elevated rockfall activity continues as precipitation and potentially other
triggering processes not considered in this study remove loose rocks from the
slope. Finally, during the Fall rockfall rates reduce as most of the unstable
material on the slope is considered to have been removed throughout the Spring
and Summer.

1 The air freezing index results indicate that greater average rockfall volumes may
be expected following Winters with a higher AFI. In this way, recorded AFI values
may be used to forecast an aspect of future rockfall activity in the seasons
following the Winter in which the AFI is recorded.

1 100% of photo intervals that contained rockfall at the Idaho Springs site also
contained precipitation, indicating that precipitation is an important trigger for
rockfalls during the study period analyzed.

1 Many precipitation events occurred at the ldaho Springs photogrammetry site
that failed to generate any rockfall. In fact, only 17% of photo intervals containing
precipitation coincided with known rockfall. Of these photo intervals, the rate of
occurrence for rockfalls was 50% for precipitation totals greater than 10 mm
within the photo interval when the rockfall occurred and was only 11% for

precipitation totals under 5 mm within the photo interval when the rockfall
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occurred. These rates of occurrence could be used to forecast rockfall during
future May through August periods but should only be used as first order
approximations duetot he f act that only a single year

analyzed.
Conclusions associated with the third objective include the following:

1 The Air Freezing Index was found to be an effective metric that has to potential to
be used to forecast some aspects of rockfall activity following a given winter at
Floyd Hill. Specifically, air freezing index values recorded over the Winter months
were found to correlate well with the log;o(arithmetic mean of rockfall volume) in
the following Spring through Fall period, with a particularly strong correlation
present in the following Summer. This result indicates that Winters with a higher
air freezing index are likely to be followed by seasons with an increased
arithmetic mean of rockfall volume, which was interpreted to correspond to an
increased likelihood of large volume rockfall occurrence. This correlation is
explained by Winters with higher air freezing indices also allowing for greater
frost penetration thicknesses into the rockmass that can then subsequently
weaken rock fractures at greater depths. This result is consistent with the
proposed relationship between air freezing index, frost penetration depth, and
larger average rockfall volume proposed though not thoroughly quantified in
Matsuoka and Sakai (1999).

1 Both the number of days with freeze-thaw cycles and number of freezing days
were found to have strong, positive correlations with rockfall metrics in the rolling

window analysis for Floyd Hill, but repeated patterns of behavior were harder to
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discern. Some repeated correlations were noted in the early Summer to Fall
period for antecedent 120 to 180 antecedent days (i.e. the freezing processes

occurring in the Winter and Spring influencing rockfall in the Summer and Fall).

Some additional conclusions outside of the objectives were created by
comparing the rockfall activity recorded at Floyd Hill and Idaho Springs for the same

period of time. These results include the following:

1 When comparing the Idaho Springs database and the Floyd Hill database it was
found that both sites experienced a decrease in rockfall activity by mid-July into
August. This was attributed to some combination of precipitation decreasing
during that time and both locations having similar, low background levels of
rockfall associated (at least in part) with non-precipitation conditioning factors.

1 Outside of mid-July through August 2019, rockfall activity at Floyd Hill and Idaho
Springs is variable, with large differences between rockfall activity at both sites
during the same times. Additionally, neither site possessed consistently higher
levels or rockfall activity than the other over the study period. Several instances
also exist where precipitation occurred at both Floyd Hill and Idaho Springs on
the same day (i.e. regional weather patterns), but the rockfall response at both
sites was dissimilar. This all suggests that localized differences in precipitation
totals and/or intensity may have influenced the variations in rockfall activity,
although the observed differences in rockfall response were not substantially

greater that variations in rockfall activity at either site individually.

120



5.3 Comparison of Findings to Previous Studies

The detailed findings of this thesis are valid for rockfall activity at the Floyd Hill
and Idaho Springs sites, and may also apply to other slopes in the nearby vicinity of the
two that were studied. Comparing these results and conclusions to those presented in
other studies, however, allows for the potential to understand rockfall as a broader
phenomenon. These comparisons are often challenging due to the wide variety of
climates, geology, and slope conditions that rockfalls occur in, but identifying underlying
trends that are persistent through multiple sites that may have certain similar features

helps to better describe how rockfall processes operate regardless of local conditions.

Three studies were selected for comparison to the results and conclusions
presented within this thesis. These studies were selected for comparison as they were
evaluated to offer compelling conclusions about rockfall as a phenomenon and the
processes behind it when compared to the results from this thesis. Specifically,
comparisons to these studies indicate how rock slopes react to freezing processes
under various conditions and in different climates, which is a relationship that is often
found to be more variable than the comparatively direct rockfall responses from

precipitation events.

The first comparison presented here compares the results and conclusions from
this study to those of Macciotta et al. (2015), who assembled a rockfall database based
on rockfalls reported by the Canadian National Railway over an 11 year period in the
Canadian Cordillera north of Vancouver, BC. This study site consisted of 54.7 km of
railway traversing through various metamorphic, igneous, and sedimentary lithologies.

The climate at this study site is influenced by the proximity to the Pacific Ocean with
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most precipitation arriving over the Winter and less precipitation occurring during the
Summers. Macciotta et al. (2015) found that 75% of rockfall occurred between
November and March, which coincides with the period of time when daily minimum
temperatures are below freezing and freeze thaw cycles are regularly occurring. The
study found that a correlation coefficient of 0.8 existed between the average monthly
number of rockfalls and the average monthly number of freeze-thaw cycles and a
correlation coefficient of 0.3 existed between the average monthly number of rockfalls
and the average monthly total precipitation. Furthermore, 90% of rockfalls were found to
have occurred within a three day period following a freeze-thaw cycle or after a three
day cumulative precipitation total became greater than or equal to 2 mm. Finally, it was
also recorded that a 50% chance of rockfall occurring existed in the two weeks following
the daily minimum temperatures exceeding 0° C (i.e. when the slope is thawing out).
Macciotta et al. (2015) concluded that seasonal variations in rockfall activity are
controlled by freeze-thaw processes triggering rockfalls during the Winter months and
by the rock slope thawing out during the first two weeks of Spring thaw.

When comparing the results and conclusions presented in this thesis to those
presented by Macciotta et al. (2015) the prominence of freezing processes as being a
controlling factor of seasonal rockfall variations is noted. A considerable difference,
however, is the time periods over which freezing processes are thought to influence
rockfall. Macciotta et al. (2015) notes that most rockfall is immediately triggered by
freeze-thaw cycles, whereas at Floyd Hill, freezing processes that occur during the
Winter were interpreted to have the greatest influence on rockfall occurring in the

following seasons, indicating that freezing processes are acting as a conditioning factor
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for future rockfall. This might be explained by the Winters at the Macciotta et al. (2015)
study site being warmer than those at Floyd Hill, or, more likely, that the Macciotta et al.
(2015) site experiences greater amounts of precipitation over the Winter than the

comparatively dry Floyd Hill site at the same time.

Macciotta et al. (2015) document an average of approximately 54 freeze-thaw
cycles occurring annually over the duration of their study period. At Floyd Hill, the
average annual number of freeze-thaw cycles is approximately 146, and for
approximately 26 days every year the daily high temperature fails to exceed 0° C. While
the available data cannot be used to definitively state that Floyd Hill is consistently
colder during the Winter than the Macciotta et al. (2015) site, they do indicate that the
time period in which active freezing can occur is longer at the Floyd hill site. With all this
Is mind, the available temperature data do not explain why the Macciotta et al. (2015)
study found the majority of their rockfall coincided with freezing processes, given they
observed considerably less freeze-thaw cycles than at Floyd Hill (where the greater

number of freeze-thaw cycles did not immediately trigger significant rockfall).

The differences in Winter precipitation between the two study sites offers a
potential explanation. The Macciotta et al. (2015) study site experienced an average of
342 mm of precipitation every year with the largest amounts of precipitation occurring
during the Winter. Floyd Hill, meanwhile, only experiences approximately 250 mm of
precipitation per year on average, with most of this precipitation occurring between May
and July. The Macciotta et al. (2015) site not only experiencing more annual
precipitation than Floyd Hill, but experiencing the majority of it in the Winter indicates

that there exists considerably more water available to freeze and thaw during those
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times than at Floyd Hill. This larger amount of water is thought to be associated with
greater potential volumetric expansion of ice within the subsurface (as fresh water from
the surface may percolate down to subsurface ice and allow for additional ice
expansion) and/or liquid water may be trapped at the ice-rock interface where, as the
ice expands, the pore water pressures in the liquid water becomes considerably higher
and may cause rockfall. The small amounts of precipitation occurring in the Winters at
Floyd Hill, meanwhile, are thought to be allowing for some volumetric expansion of ice
within the subsurface, but only enough to weather and weaken fractures and not
enough to trigger rockfall. These hypotheses combine to suggest that freeze-thaw
cycles may be a significant triggering factor for rockfall when abundant water is
available to allow for continued volumetric expansion of ice and accumulation of pore
water pressures in the subsurface during freezing processes. Without abundant water,
freeze-thaw cycles may only be able to generate small amounts of rockfall and/or

condition the rockmass for future rockfalls by weakening the fractures at depth.

The second comparison presented here compares the results and conclusions
from this study to those of Matsuoka and Sakai (1999), who assembled a rockfall
database by manually collecting rockfall debris that fell on top of snow in the Hosozawa
Cirque in the Southern Japanese Alps. Rockfalls were collected from early May to mid
to late June after snow had melted from the sub-vertical rock slopes, but before the
snow had melted from the base of the cirque where fallen rocks were being gathered.
Matsuoka and Sakai (1999) noted that very little rockfall occurred between the
beginning of Winter and the beginning of May due to snow covering the faces of the

cirque walls. Furthermore, it was noted that average rock surface temperature
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measurements rarely exceeded 0° C between the beginning of November and
beginning of May. it was suggested that little rockfall was occurring at these times due
to the slope being locked into place by persistent ice within its fractures and by snow
coverage at its face. Matsuoka and Sakai (1999) documented large increases in rockfall
activity, however, following the thawing out of the rock slope in May. Specifically, the
maximum rockfall activity was said to have occurred on average about 10 days after the
melt out of the cirque wall. Matsuoka and Sakai (1999) concluded that rockfalls
occurred most frequently at their study site when the seasonal thawing front penetrated
to a depth of 1 m in the bedrock and that the freeze-thaw penetration depth controls the

maximum dimensions of the detachable rockmass.

Several similarities exist between the results from Floyd Hill presented in this
thesis and the work performed by Matsuoka and Sakai (1999). In both cases, a
noticeable increase in rockfall activity was observed as the rock slope begins to thaw
out. This occurred in March most commonly at Floyd Hill, but did not occur until May in
the high altitude Japanese Alps study site of Matsuoka and Sakai (1999). An increase in
rockfall activity during the seasonal thawing out of the rock slope was also noted by
Macciotta et al. (2015), Paranunzio et al. (2016), and Viani et al. (2020) indicating that
this rockfall phenomenon is likely consistent for climates where the rock slope
experiences prolonged periods of freezing followed by an identifiable period of thawing
(i.e. high alpine environments or at high latitudes). Another similarity that exists between
the research presented in this thesis and that of Matsuoka and Sakai (1999) is the
proposal that increased frost penetration depth into the rockmass controls the maximum

dimensions of a detachable rockmass. While it is not explicitly known if the maximum
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detachable dimensions of a rockfall are controlled by freezing processes at Floyd Hill, it
was documented that Winters with higher air freezing indexes were followed by Spring,
Summers, and Falls with an increased arithmetic mean of rockfall volume. This
suggests an increased likelihood of large volume rockfalls following Winters with higher
recorded AFI values. Matsuoka and Sakai (1999), meanwhile, documented that years
with a higher freezing index generally resulted in greater maximum frost penetration
depths, but did not directly relate the freezing indices themselves to potentially
associated rockfall volumes as was done in this study. Regardless, the combination of
results between this study and Matsuoka and Sakai (1999) makes for a compelling
proposal regarding the use of air freezing index (and freezing processes in general) as
a potential variable to forecast expected rockfall activity levels following the thawing out

of the rock slope.

One final comparison that may be made is between the results presented in this
thesisandthoseof DO6 Amat o et al . (2016) who wused
document 854 rockfalls in a 2.5 year period occurring on two natural limestone rock
cliffs (an upper and lower cliff separated by a bench) northeast of Grenoble, France.

D6 Amat o(2026) fouad that half of the 854 rockfalls identified were caused by
either rainfall or freeze-thaw processes during short periods of time. Rockfalls evaluated
to have been caused by rainfall were found to have occurred without any significant
delay following the conclusion of the last storm considered. Rockfall frequency was
found to increase by a factor of 26 when mean rainfall intensity became greater than 5
mm/hour. Rockfalls attributed to freeze-thaw cycles were found to have predominately

occurred when the ice was melting during the thawing process rather than when it was
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expanding during the freezing process. It was proposed that the volumetric expansion of
ice weakens fractures, and then the loss of cohesion at the ice-rock interface results in
the full destabilization of rockfalls. Rockfall frequency was found to increase by a factor

of seven during freeze-thaw episodes.

The i mmedi ate influence of rainfal/l on a r
al. (2016) was also recorded at the Idaho Springs photogrammetry site where all 11
rockfalls recorded during the four-month study period coincided with rainfall and 50% of
photo interval rainfall totals greater than 10 mm coincided with rockfall. Rainfall as an
immediate rockfall triggering mechanism is a well understood phenomenon and has
been documented in several other studies (Mateos et al., 2012; Delonca et al., 2014;
Matsuoka, 2019; Zielonka & Wronska-Walach, 2019; Bajni et al., 2021). What is more
interesting from t he DOo Athadomextoftthe ane presénie® 16) st
here is the proposition that rockfall is more likely to occur during the thawing portion of a
freeze-thaw cycle rather than during a freezing portion. The concept behind this
proposition is that the volumetric expansion of ice during negative cooling weakens and
expands rock fractures but does not cause rockfall itself due to the cohesion that exists
at the ice-rock interface. When this ice begins to melt, however, the cohesion at this
interface is lost and pore water pressure may increase if additional precipitation is
entering into the system (such as in Macciotta et al., (2015)), thereby causing the
rockfall. This result is interesting when considered in the context of the results from
Floyd Hill. Freeze-thaw cycles were not found to be a common triggering mechanism for
rockfall at Floyd Hill, but it is proposed that freezing processes contribute to rockfall

several months or seasons after the freezing processes have concluded. Considering
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the resul ts fak (@016), D dhaymeahlypothesized that not enough water is
generated through the melting of subsurface ice alone at Floyd Hill to generate rockfalls,
with most rockfalls not being produced until the Spring and Summer when persistent
snowmelt and rainfall return. In other words, the melting of any ice in the subsurface
itself may be inadequate to generate rockfall, even with the fractures having been
weakened by the volumetric expansion of ice. It may also be that ice melts slowly
enough in the subsurface at Floyd Hill that there is little immediate loss of cohesion and
increase in pore water pressure that might result in a rockfall. Instead, subsurface ice
may melt slowly and that this water may be able to percolate through to the surface of
the rockmass and exit the slope or travel to the water table without accumulating and
generating enough pore pressure to cause a rockfall. Confirming this hypothesis,
however, would require thermistor probes installed in the rockmass to measure
temperature at depth and a more thorough understanding of the fractures at Floyd Hill,

their interconnectivity, and other hydraulic properties.

Considering these three comparisons together the following overarching

relationships between rockfall and weather may be hypothesized:

1 Rockfall may be immediately triggered by freeze-thaw processes (as it is in
Macciotta et al (2015) and D 6 a mat o &) if malder WinkeDtdmperatures
prevent the internal temperature of the rockmass from remaining below freezing
for prolonged periods of time, and if water is readily available through
precipitation that can then move through factures in the rockmass without being
impeded by persistent ice. It is also possible that arid environments (such as

Floyd Hill) may not have enough water in the subsurface to immediately generate
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5.4

rockfall through the melting or expansion of ice alone, and additional precipitation
(which often does occur until the Spring and Summer) is required to fully dislodge
rockfalls.

Rock slopes that remain frozen for prolonged periods of time (like the Hosozawa
cirque rock walls studied in Matsuoka and Sakai (1999)) are unlikely to exhibit
immediate triggering of rockfalls by freezing processes due to surface snow/ice
and or subsurface ice preventing the infiltration and/or flow of water in the
subsurface. These rock slopes experience a delayed influence from freezing
processes on rockfall, where freezing processes and associated frost penetration
depth that occur over the Winter are hypothesized to control the maximum
detachable rockfall volume in the following seasons. This phenomenon was
noted by Matsuoka and Sakai (1999) and observed through the air freezing
results at Floyd Hill. In both studies, large increases in rockfall activity were
recorded when the rock slopes thaw out in the Spring, likely indicating that an
influx of melted water (possibly combined with more recent precipitation) is
moving through the subsurface without being impeded by frozen ice, building up

pore pressures where concentrated, and initiating rockfall.

Recommendations for Future Work

5.4.1 Improvements to Existing Methods for Continued Monitoring

Both the lidar data collected at Floyd Hill and photogrammetry data collected at

Idaho Springs proved effective for the development or rockfall databases at each site.

However, there exist multiple ways in which either that data collection or processing

may be improved going forward. For Floyd Hill, one of the weaknesses of the database
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