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Abstract 

The section of CN railway between Vancouver and Kamloops runs along the base of many 

hazardous slopes, including the White Canyon, which is located just outside the town of Lytton, BC. The 

slope has a history of frequent rockfall activity, which presents a hazard to the railway below. Rockfall 

inventories can be used to understand the frequency-magnitude relationship of events on hazardous 

slopes, however it can be difficult to consistently and accurately identify rockfall source zones and 

volumes on large slopes with frequent activity, leaving many inventories incomplete.  

  We have studied this slope as a part of the Canadian Railway Ground Hazard Research Program 

and have collected remote sensing data, including terrestrial laser scanning (TLS), photographs, and 

photogrammetry data since 2012, and used change detection to identify rockfalls on the slope. The 

objective of this thesis is to use a subset of this data to understand how rockfalls identified from TLS data 

could be used to understand the frequency-magnitude relationship of rockfalls on the slope. This includes 

incorporating both new and existing methods to develop a semi-automated workflow to extract rockfall 

events from the TLS data.  

 We show that these methods can be used to identify events as small as 0.01 m3 and that the 

duration between scans can have an effect on the frequency-magnitude relationship of the rockfalls. We 

also show that by incorporating photogrammetry data into our analysis, we can create a 3D geological 

model of the slope and use this to classify rockfalls by lithology, to further understand the rockfall failure 

patterns. When relating the rockfall activity to triggering factors, we found that the amount of 

precipitation occurring over the winter has an effect on the overall rockfall frequency for the remainder of 

the year.  

 These results can provide the railways with a  more complete inventory of events compared to 

records created through track inspection, or rockfall monitoring systems that are installed on the slope. In 

addition, we can use the database to understand the spatial and temporal distribution of events. The results 

can also be used as an input to rockfall modelling programs.  
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Chapter 1: Introduction 

1.1 Project Background 

The Canadian Railway Ground Hazard Research Program (RGHRP) was developed in 

2003 with the goal of helping railways in Canada better understand the technical aspects of 

ground hazards as they relate to the safe operation of railways, and also to develop strategies for 

managing these hazards and their associated risks. The program involves a collaboration between 

Queen’s University, the University of Alberta, and industry partners including Canadian National 

(CN) Rail, Canadian Pacific (CP), Transport Canada, the Geological Survey of Canada, and BGC 

Engineering Inc.  Railways are a vital component of the Canadian economy, and managing these 

ground hazards is important for the safe and efficient operation of the railways.  

The research focus of the RGHRP involves identifying and analyzing ground hazards, 

understanding event triggers, and evaluating technology to develop methods for monitoring and 

evaluating these hazards. The research program at Queen’s is specifically focused on assessing 

hazardous rock slopes using remote sensing techniques including LiDAR (Light Detection and 

Ranging) and photogrammetry, refining data acquisition methods, and developing methods for 

data interpretation to understand the processes operating on these slopes. Much of the past and 

current work has focused on rockfall hazards in Southwestern British Columbia, along railways 

between Kamloops and Vancouver.  

 

1.2 Thesis Scope and Objectives 

The primary objective of this thesis is to investigate how terrestrial LiDAR (also known 

as terrestrial laser scanning (TLS)) data can be used to understand the frequency-magnitude 
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relationship of rockfalls in the White Canyon, which is a hazardous slope located along the CN 

Ashcroft Subdivision near Lytton, BC. The research includes the development of methods for 

extracting this information, as well as an exploration of what additional rockfall characteristics 

can be obtained from the remote sensing data, both LiDAR and photographs, to build a more 

complete and accurate rockfall database. This information can then be related to rockfall 

triggering factors, and compared to other existing databases (rockfall monitoring systems, 

rockfall incident reports). While the project is focused on a single slope, the methods and 

processes are developed such that they could be applied to other slopes of interest.  

 

1.3 Thesis Format and Outline 

This thesis consists of seven chapters, the details of which are outlined below:  

Chapter Two contains a review of rockfall hazards and remote sensing as they relate to 

railway infrastructure. This includes causes and controls on rockfalls, rockfall hazard rating 

systems, and methods of collecting rockfall information. The applications of remote sensing 

(LiDAR, photography, photogrammetry) to rock slopes and rockfall hazards are also discussed.  

Chapter Three contains information on the study site and methods used in the analysis of 

the remote sensing data. The geology of the study site, slope characteristics, and previous work 

completed at the site are described along with the methods that were used to collect and process 

the remote sensing data.  

Chapter Four details a study that was competed on the identification of rockfalls in the 

White Canyon using semi-automated methods and how these methods can be used to determine 

the frequency-magnitude relationship of rockfalls originating from the slope. An analysis of how 
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the results are affected by the number of datasets available and timing of data collection is 

included in this study.  

Chapter Five outlines methods that were developed to relate classified photogrammetry 

data to the rockfall data in order to further understand failure patterns and how they are related to 

rockfall lithology. The relationship between rockfalls and triggering factors is also discussed. 

Versions of both Chapter Four and Five are in preparation to be submitted to international 

journals.  

Chapter Six contains further discussion of the results presented in Chapter 4 and Chapter 

5 and how they can be used together for the management of these hazards along the railway. A 

comparison is made to rockfall monitoring data in terms of what data is available and what the 

results show.  

Chapter 7 contains a summary of the main findings, and how they are related to the thesis 

objectives, as well as recommendations for future work, including the application of these 

techniques to other slopes.  

 

1.4 Summary of Key Findings 

We were successful in applying semi-automated methods to identify thousands of 

rockfalls, as small as 0.01 m3 in the White Canyon using TLS and photogrammetry data collected 

since 2013. Using these methods, we have built a database of rockfall events on the slope 

including their source zone location, volume, and block shape. Using this database, we have 

determined the frequency-magnitude relationship for rockfalls on the slope and show that it is 

well fit by a power law for volumes as small as 0.03 m3. By comparing several artificial datasets, 

we demonstrate that the duration of the elapsed time period between TLS scans can have an effect 
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on the results of this analysis. Small-volume rockfalls may appear to cluster together into one 

event if the elapsed time duration between scans is too long. We also found the range of block 

shapes produced is limited by the highly jointed nature of the rockmass. By using classified 

photogrammetry data to separate the rockfalls by lithology, we determined that the relative 

frequency of rockfalls within each lithology on the slope is not uniform, and that each lithology 

may be affected differently by triggering factors, contributing to the overall rockfall rate on the 

slope. Our analysis of the rockfall rates compared to weather data suggests that the yearly rockfall 

frequencies are reflective of the precipitation over the winter months, however additional years of 

data would help to confirm this conclusion. Compared to existing rockfall databases for the area, 

and records from rockfall monitoring systems in the White Canyon, the dataset we have 

developed contains a much higher amount of detail on rockfall activity, however further work 

should include modelling to determine the percentage of rockfalls that are likely to reach the track 

level.  
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Chapter 2: Background on Rockfall Hazards and Remote Sensing 

This chapter contains  background on rockfall hazards as they relate to hazard and risk 

assessment, including understanding rockfall frequency-magnitude relationships, and how remote 

sensing methods can be used to assess rockfall hazards. Rockfalls are one of the most chronic 

problems for transportation corridors in the mountainous regions of Canada (Martin 1988). 

Rockfalls are especially a concern for railways, making up 12% of the direct cost of all rail 

accidents (Lemay 2007).  Rockfalls can cause damage to infrastructure, delays, and derailments, 

which could lead to loss of life. Even small blocks, with a maximum dimension of 0.3 to 1 m can 

derail a train (Abbott et al. 1998a). The movement of a rockfall can include any combination of 

free fall, bouncing, rolling, and sliding and can involve more than one fragment of rock 

(McCauley et al. 1985). Rockfalls are generally separated from large volume events including 

rock avalanches and rock slides. For engineers, the main evaluation of rockfalls includes 

identification of the type of rockfalls that may occur in a given setting, determining what causes 

may initiate the rockfall, and assessing optimal mitigation solutions  

 

2.1 Rockfall Controls and Causes 

Rockfalls are primarily controlled by the slope material and the slope geometry. 

Discontinuities, such as joints, bedding, foliation, and faults separate the rockmass into distinct 

blocks.  These discontinuities can be naturally occurring features of the rockmass or could also be 

created during the construction of the slope, most commonly due to blasting. Discontinuities can 

form weak zones where blocks of rock can break away from the rockmass depending on 

triggering factors such as water, ice, wind, and vibrations (including earthquakes).  
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2.1.1 Rockfall Controls 

As outlined by Piteau and Peckover (1978), rockfalls can either be structurally or 

environmentally controlled. Structurally controlled rockfalls are affected by the slope geometry, 

orientation of discontinuities, strength of the discontinuities, and the presence of water and/or 

freeze thaw activities within these discontinuities. The orientation of discontinuities affects 

whether or not a block has the potential to fail and the volume of a rockfall is dependent on the 

spacing and persistence of discontinuities. Environmentally controlled rockfalls are controlled by 

erosion and weathering processes in rocks that have weak interbeds or deposits that contain larger 

blocks in a matrix such as talus, colluvium, and glacial outwash and till (Transportation Research 

Board 2012).  

In terms of slope geometry, the slope must be steep enough such that downslope 

movement of the failed rock can occur. The factors that may inhibit the movement of rockfall 

from the source zone, to the bottom of the slope, include changes in slope angle, and the presence 

of vegetation, which may act as a barrier and stop moving debris.  

Rockfalls can also be controlled by the lithology of the rocks, which may vary across the 

slope. Lithology includes the rock type, minerals present, and the fabric and texture of the rock 

unit, which affect the strength of the rock and its deformation potential (Deere and Miller 1966).  
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2.1.2 Rockfall Triggers and Causes 

A rockfall triggering factor can be defined as an external influence that changes the 

forces acting on a rock (Pantandelis 2009). It has been noted that high rockfall frequencies 

usually occur during wet periods or seasons and during snowmelt (Selby 1993). A summary of 

common triggering factors and their influence on rockmass stability is outlined in Table 2-1.  

A study of rockfall records collected by CP over a period of 122 years showed that 30% 

of large volume ground hazards that occurred along the rail corridor occurred at the time of 

severe weather events, notably long periods of precipitation with a high intensity (Bunce et al. 

2003). These severe weather events have been recognized as events caused by antecedent 

conditions that have developed over months or years, with a return period of at least 10 years. 

Real time monitoring of environmental conditions and comparison to historical climate records 

can provide indication of elevated potential for large ground hazards to occur (Bunce et al. 2006). 

 Macciotta et al. (2015) present a study where rockfall occurrences are compared to short 

term weather trends including precipitation and freeze-thaw events in order to develop a threshold 

for potentially hazardous conditions. The purpose of this study was to anticipate periods where 

the potential for rockfall was high, and to schedule maintenance activity during non-hazardous 

periods. The study found that, for a 54.7 km section of track in British Columbia, a threshold 

could be defined such that 90% of the recorded rockfalls in this area occurred within that 

threshold. However, the criteria were met, on average, 50% of the days of the year based on 

historical records, suggesting that there were likely many days that precautions may have been 

taken yet no hazardous events occurred.   
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Table 2-1: Common rockfall triggering factors and their influences (TRB, 2012) 

Factor Influence 

Precipitation • Has the potential to cause erosion of finer grained material, 
leaving larger blocks unstable 

• Causes recharge of groundwater leading to increased pore 
pressures within the slope 

Snowmelt Same influences as precipitation 

Freeze-thaw • As water infiltrates into discontinuities and freezes, it undergoes a 
volume increase, leading to increased pressures 

• Can cause opening of cracks and joints, pushing rocks out from 
the slope face 

• Most critical times are late fall/early winter, and late winter/early 
spring when temperatures are hovering near zero (Peckover 1975) 
(Wylie and Norrish 1996).  

Wind • Can cause erosion of small particles, leaving larger blocks 
unsupported 

• Can cause loosening of tree roots, triggering rockfalls 
• Particles eroded more easily on south-facing slopes due to dry 

conditions 

Human Activity • Damage to rock face can be caused by poor blasting practices 
(especially on slopes that were blasted before modern techniques 
were developed) 

• Vibrations induced by blasting can cause instabilities 
• Vibrations can also be caused by train movement and the use of 

heavy construction equipment 
• Rockfalls can also be initiated by the movement of animals 

walking on a slope 

Earthquakes Long-duration vibrations and high accelerations from earthquakes have 
the potential to trigger rockfalls 
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2.2 Rockfall Hazard Assessment and Rating 

2.2.1 Terminology 

There are many different uses for some common hazard assessment terms. The following 

terms are defined based on Fell et al. (2005) and their use is consistent throughout this thesis.  

Hazard – “The likelihood that a particular danger (threat) exists or may occur”. 

Likelihood – “A qualitative description of probability or frequency of a given outcome based on 

an established set of criteria, data, assumptions, and information”. 

Consequence – “The outcome or result of a hazard being realized”. 

Vulnerability – “The degree of loss within the area affected by a hazard”. 

Risk – “A quantitative value derived from an analysis of the numerical values of probability [of 

the hazard], vulnerability, and consequences”. 

The relationship between hazard, consequence, and risk, as defined by the Geological Survey of 

Canada in the Canadian Landslide guidelines is outlined in Table 2-2. They have also defined 

qualitative descriptions of hazard probability, consequence, and risk which are outlined in Table 

2-3, Table 2-4 and Table 2-5.  
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Table 2-2: Risk evaluation matrix based on annual probability and consequence, adapted 
from Porter and Morgenstern (2013) 

Probability/Consequence 
Incidental Minor Moderate Major Severe Catastrophic 

1 2 3 4 5 6 

Almost Certain F M H H VH VH VH 

Very Likely E L M H H VH VH 

Likely D L L M H H VH 

Possible C VL L L M H H 

Unlikely B VL VL L L M H 

Very Unlikely A VL VL VL L L M 

 

Table 2-3: Annual probability ranges and description of hazard likelihoods adapted from 
Porter and Morgenstern (2013) 

Partial Risk (Annual Probability) 

Indices Probability Range Likelihood Description 

F Almost certain >0.9 Event typically occurs once per year 

E Very Likely 0.1 to 0.9 Event typically occurs once every few 
years 

D Likely to 0.1 Event expected to occur every 10 to 100 
years 

C Possible 0.0001 to 0.01 Event expected to occur every 100 to 
1,000 years 

B Unlikely 0.0001 to 0.001 Event expected to occur every 1,000 to 
10,000 years 

A Very Unlikely <0.0001 Event is possible but expected to occur 
less than once every 10,000 years 
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Table 2-4: Consequence ratings for risk assessment adapted from Porter and Morgenstern 
(2013) 

 

 

1 2 3 4 5 6 

Incidental Minor Moderate Major Severe Catastrophic 

Health and 
Safety 

No impact Slight 
impact; 
recoverable 
within days 

Minor 
injury or 
personal 
hardship; 
recoverable 
within days 
or weeks 

Serious 
injury or 
personal 
hardship; 
recoverable 
within 
weeks or 
months 

Fatality or 
serious 
personal 
long-term 
hardship 

Multiple 
fatalities 

Environment Insignificant Localized 
short-term 
impact; 
recovery 
within days 
or weeks 

Localized 
long-term 
impact; 
recoverable 
within 
weeks or 
months 

Widespread 
long-term 
impact; 
recoverable 
within 
months or 
years 

Widespread 
impact; not 
recoverable 
within the 
lifetime of 
the project 

Irreparable 
loss of a 
species 

Social and 
Cultural 

Negligible 
Impact 

Slight 
impact to 
social and 
cultural 
values; 
recoverable 
within days 
or weeks 

Moderate 
impact to 
social and 
cultural 
values; 
recoverable 
within 
weeks or 
months 

Significant 
impact to 
social and 
cultural 
values; 
recoverable 
within 
months or 
years 

Partial loss 
of social 
and cultural 
values; not 
recoverable 
within the 
time of the 
project 

Complete 
loss of social 
and cultural 
values 

Economic Negligible; 
no business 
interruption 

< $10,000 
business 
interruption 
or damage 
to public or 
private 
property 

< $100,000 
business 
interruption 
loss or 
damage to 
public or 
private 
property 

< $1M 
business 
interruption 
loss or 
damage to 
public or 
private 
property 

< $10M 
business 
interruption 
loss or 
damage to 
public or 
private 
property 

>$10M 
business 
interruption 
loss or 
damage to 
public or 
private 
property 
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Table 2-5: Risk rating descriptions adapted from Porter and Morgenstern (2013) 

Risk Evaluation and Response 

VH Very High Risk is imminent; short-term risk reduction required; long-term risk 
reduction plan must be developed and implemented 

H High 
Risk is unacceptable; long-term risk reduction plan must be 
developed and implemented in a reasonable time frame. Planning 
should begin immediately.  

M Moderate Risk may be tolerable; more detailed review required; reduce risk to 
As Low As Reasonably Practicable (ALARP) 

L Low Risk is tolerable; continue to monitor and reduce risk to As Low as 
Reasonably Practicable (ALARP) 

VL Very Low Risk is broadly acceptable; no further review or risk reduction 
required 

 

2.2.2 Rockfall Inventories and Databases 

The use of a rockfall inventory or database is advantageous, as railways are responsible 

for long sections of track running through variable terrain with a variety of geohazards, and it is 

important to understand where the largest number and the most hazardous events are occurring. 

Knowledge on rockfalls must be documented such that comparisons can be made between sites 

and so that information is not lost during turnover of personnel. The use of a rockfall database can 

be used to allocate resources and to strategically plan maintenance and mitigation, leading to a 

more proactive, as opposed to a reactive approach to rockfalls (Transportation Research Board 

2012). The information from a database of ground hazards, such as rockfalls, can be used as an 

input for hazard and risk rating schemes (Bunce et al. 2006).  Typically, rockfall databases 

include information on the date, time, and location of the event, and sometimes an estimate of the 

volume of the rockfall. They may also include information such as the size of the deposit at track 
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level, number and size of rock fragments, and related geology and climate information (Hungr et 

al. 1999). 

 

2.2.3 CN Rockfall Hazard and Risk Assessment 

The CN Rockfall Hazard Risk Assessment (RHRA) system was developed between 1995 

and 1997 with the purpose of using the ratings for scheduling monitoring activities and allocating 

resources for mitigation. This rating was to be used quantitatively to determine the derailment 

risk rating (DRR) at each site (Pritchard et al. 2005). At the time that the RHRA was developed, 

the two most effective rockfall hazard assessment methodologies were determined to be the 

Oregon Department of Transportation Rockfall Hazard Rating System (RHRS) (Pierson et al. 

1990) and the Chardonne Rockfall Management model (Oboni & Angelillo 1993 and Oboni et al. 

1994). The Oregon system consists of a preliminary screening of slopes followed by a highly 

structured hazard rating process for the slopes that rate higher than a defined minimum. The 

drawbacks of this system were seen to be that the preliminary ratings are qualitative and involved 

subjectively grouping sites. The system also does not account for rockfall stabilization measures 

that are present on the slope, and the system is not based on risk. The Chardonne model was a 

system developed for use in rural Switzerland. This system uses field evidence to come up with 

rockfall probabilities for different source areas and then is combined with information on 

consequence to calculate risk. Finally, a decision tree is used to evaluate options for monitoring 

and mitigation. Perceived benefits of this system included the fact that the model can be easily 

updated for changing conditions, including mitigation work, however the system can become 

overcomplicated resulting in too many separate zones being identified (Abbott et al. 1998b).  
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The CN RHRA was developed based on these two systems to create a method that is 

objective, quantitative, and repeatable. The system also uses a digital database and can 

incorporate new field observations on an ongoing basis. Abbott et al. (1998b) discuss the primary 

factors that were considered in the development of the RHRA: 

• Probability that the block, or largest rockfall fragment dimension will be between 1 to 3 ft 

(0.3 to 1m) – this size range is the most likely to derail a train as these size blocks have 

the potential to wedge themselves underneath a train car.  

• Concentration of rockfall debris – a higher concentration leads to a higher probability of 

derailing.  

• Shape of the rockfall fragments – slab shaped fragments are more likely to get underneath 

a train and derail it.  

• Estimated impact energy of rockfall fragments – more energy has a higher potential of 

damaging or breaking a rail.  

For rating in the field, slopes are divided into homogeneous sections. These sections are 

separated based on areas where expected failure modes, geology, and geomorphology are 

consistent. Because conditions in a given sector may be variable, the initial rating was completed 

for the worst case conditions on a particular slope (Abbott et al. 1998a). The RHRA is 

specifically used to determine the risk of a train encountering rockfall debris on the track. It does 

not consider the case of a rockfall hitting a train while it is moving and is calculated based on the 

equation: 
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Risk  = Hazard Likelihood x Vulnerability x Consequence 

or 

DRR = RF x DH x CF 

Where DRR is the Rockfall Derailment Risk, RF is the Rockfall Frequency, DH is the Derailment 

Hazard and CF is the Consequence Factor. The DH factor can be broken down into two 

components: 

DH = DR x AF 

Where AF is the Avoidance Factor (temporal component) and DR is the Derailment Risk (spatial 

component). The DR component can then be further broken down into a function representing the 

potential for rockfall of a certain volume, the potential that the rockfall will reach the tracks, and 

the potential that the rockfall will cause a derailment, where: 

DR = ϕ[PVn * (PT|Vn) * (PF|Vn,Pn) * (PD|Vn, Pn)] 

The components of this equation are detailed in Table 2-6, which outlines the entire calculation of 

the DRR. For the DR factor, three rockfall volume classes are considered and the values are 

summed to obtain a single DR value. The RF and CF factors are based on scalar weightings, 

which are outlined in Table 2-7.  
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Table 2-6: Parameters used in the CN RHRA to calculate the Rockfall Derailment Risk 
(modified  from Pritchard et al., 2005) 

DH 

DR 

PVn Relative probability of a source volume of rock belonging to one of 
the three categories:  

• Volume is less than 1 m3 
• Volume is between 1 and 3 m3 
• Volume is greater than 3 m3 

PT|Vn For each volume category, the likelihood that it will detach and reach 
the track. This is based on geology, and the presence of mitigation 
and/or barriers on the slope 

PF|Vn, 
Pn 

The relative probability of the largest particle dimension from the 
source zone volume falling into one of three categories: 

• Largest dimension is less than 0.3 m 
• Largest dimension is between 0.3 and 1 m 
• Largest dimension is greater than 1 m 

This is to account for the fact that particles from similar source 
volumes may break apart into different size fragments 

PD|Vn,Pn The probability of derailment given a certain volume of rock of a 
certain particle size distribution that has reached the track. Considers 
several factors: 

• Lateral deflection space – is there room for the train to push 
the rock aside? 

• Concentration of the debris – concentrated debris is worse 
than if it is scattered 

• Particle shape – slab shaped particles are more likely to 
wedge under a train 

• Impact energy – higher energy rocks can cause damage or 
break rails, sending a signal to traffic control 

AF 
TSF 

The Train Speed Factor – This is a function of the train’s kinetic 
energy and the fact that trains are more likely to derail at higher 
impact speeds, and are not able to stop if they observe debris on the 
tracks  

SDF The Slide Detector Fence Factor – The presence of a SDF lowers the 
likelihood that a train will encounter rockfall debris 

CF 

Consequence Factor – A function of the proximity of the site to bodies of water 
and therefore potential for environmental damage, and proximity of railway to 
public infrastructure (Four levels, A through D, with A being least consequence 
and D being worst) 

RF Rockfall Frequency – Scalar factor based on four ranges 
DRR Derailment Risk Rating 
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Table 2-7: Scalar factors used for RF and CF (modified from Pritchard et al. (2005)) 

Rockfall Frequency Consequence 

Rating Categories Risk Calculation 
Scalar Rating Risk Calculation 

Scalar 
< Monthly 

(more than 11 per 
year) 

1.0 D 1.0 

< Yearly 
(1 to 11 per year) 

0.8 C 0.7 

< 10 Yearly (1 per 
year to 1 per 10 

years) 
0.6 B 0.4 

> 10 Yearly 
(< 1 per 10 years) 

0.6 A 0.2 

 

Since the system was developed and initial ratings were assigned to each slope, ratings 

have been modified based on continued refinement of rockfall frequency information. The 

inclusion of the High Energy Impact factor in the DR calculation was disabled as it was 

determined that more information on the sensitivity of the parameter to different rockfall block 

sizes and rock strengths was needed to determine their impact on this factor. While the RHRA 

database can be continually refined as new rockfall incidents are reported in the field, on slopes 

where the activity levels are high, it can be difficult to keep a complete record of events, 

especially for small volume ranges.  

 

2.2.4 Frequency-Magnitude of Rockfalls 

Determining the frequency of rockfall events of different sizes is an important component 

of hazard analysis, and therefore risk assessment, which can be evaluated though the use of a 
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rockfall database. When the true frequency of events is not known, it is possible to use historical 

data for an area to estimate return periods (IUGS 1997). In the past, not many instruments for 

measuring rockfalls were available so most historical databases have been collected though visual 

inspection, with volumes usually being based on rockfall scars on slopes or deposition area 

volumes (Dussauge-Peisser et al. 2002). Because rockfalls are not continuously monitored, like 

other types of hazards such as earthquakes and floods, the exact time, size, and location are not 

always known. Possible biases in rockfall inventories are the sampling time/visiting rate, 

possibility of field evidence disappearing, the cumulative effect of events, and bias from 

personnel collecting the data (Dussauge et al. 2003). This bias could be in estimating volumes 

and possibly ignoring small events.  

The study of many hazards has involved power laws, applying techniques from statistical 

physics and complexity theory (Malamud et al. 2004). Hungr et al. (1999) outlined that there is a 

demonstrated relationship between rockfall frequency and rockfall volume and that they can be 

related by a power law for a homogenous area, such that: 

f(V) = αV-b 

where f(V) is the cumulative frequency of rockfalls, V is rockfall volume, and α and b are 

constants. The α value is equal to the number of rockfalls greater than 1 m3 and b values have 

been shown to range from 0.40 to 1.07 for various studies (Dussague-Peisser et al. 2002). This 

trend appears as a straight line when plotted on log-log axes.  Dussague-Peisser et al., (2002) 

developed models based on historical data for three different sites (shown in Figure 2-1) and 

compared these results to other historical rockfall databases, showing that all could be fit by a 

power law for some range of magnitudes. A summary of these studies are shown in Table 2-8.  

They suggest that the “b” value is independent of geology, but α is a site specific parameter, 
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however others have suggested that b increases for more jointed rocks compared to more massive 

ones. In most databases it has been noted that there is a significant “roll over” effect in the 

relationship due to under sampling of small rockfall events.  

 

Figure 2-1: Reproduced magnitude-cumulative frequency plots for models created by 
Dussauge-Peisser et al. (2002) for a) Grenoble area (France) b) Yosemite valley and c) a 
worldwide inventory 
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Table 2-8: Summary of rockfall frequency-magnitude studies and power laws (modified 
from Dussauge-Peisser et al. (2002)) 

Location Geological 
Setting 

Range of 
Sampled 
Volumes (m3) 

Range of 
Volumes with 
Valid Power 
Law Fit (m3) 

Exponent 
(b) 

Upper Arly 
gorges, French 
Alps 

Metamorphic and 
sedimentary rocks 5 to 104 20 to 3000 0.45±0.15 

Grenoble, French 
Alps Calcareous cliffs 0.5 to 106 50 to 106 0.41±0.11 

Yosemite Valley, 
California Granitic cliffs 1 to 106 50 to 106 0.46±0.11 

Worldwide 
database 

Undifferentiated 
rock cliffs 103 to 2.110 3.107 to 2.1010 0.52 

British Columbia, 
Canada 

Massive felsic 
rock 10-2 to 108 10-2 to 104 and 1 

to 104 0.40 to 0.43 

British Columbia, 
Canada 

Jointed 
metamorphic rock 10-2 to 108 1 to 104 0.65 to0.7 

Mahaval, La 
Reunion (French 
Island) 

Basaltic cliff Up to 9.106 1. 5 orders of 
magnitude 1.0 

 

It is important to note that many frequency/magnitude relationships assume that events 

are uncorrelated in time, however events can actually be correlated temporally, and it is important 

to understand this when performing a risk assessment (Malamud et al. 2004). It is also possible 

for two datasets to produce the exact same power law, as outlined in Malamud et al. (2014) where 

datasets from two geologically distinct areas (Earthquake triggered rock slides in Italy and a 

historical rockfall database for Yosemite, California) are shown to fit the same power law 

equation.  There is also a question of whether or not these laws are stationary over time or not. To 

do this, long term temporal variability must be considered, however a lack of data generally 

prohibits this analysis (Dussauge-Peisser et al. 2002).  
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2.3 Remote Sensing for Hazard Analysis 

In order to understand rockfall hazards, it is important to accurately identify the hazards 

and characterize the slope conditions, including terrain characteristics, the geological and 

geotechnical properties of the slope materials, the rockmass structure, and groundwater 

conditions. It is especially important to identify likely hazard source zones and the relative 

susceptibility of different geological materials on the slope (Transportation Research Board 

2012). Where slopes are large, steep, and hazardous, this characterization can be completed using 

remote sensing techniques (Lato et al. 2011).  

 

2.3.1 Remote Sensing Techniques 

2.3.1.1 Terrestrial Laser Scanning (TLS)  

The basic principles of laser scanning are outlined by Lichti and Jamtsho (2006), Teza et 

al. (2007), and Shan and Toth (2008). LiDAR (Light Detection and Ranging) technology involves 

using emitted laser pulses to calculate the distance between a source and a reflecting target (in 

this case a rock slope). LiDAR scanners scan at small spacing in order to achieve a highly dense 

set of 3D [x,y,z] points (Slob and Hack 2004). An example of a 3D point cloud of a rock slope 

created using TLS is shown in Figure 2-2. There are two types of LiDAR scanning devices – time 

of flight and phase shift scanners (Wehr and Lohr 1999). Time of flight scanners calculate the 

distance to the reflected target from the scanner by determining the time that it takes for the pulse 

to be sent and returned back to the scanner. The distance to the target is calculated using the 

following equation: 

Distance = 
Speed × Time

2
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Time of flight scanners typically have a measurement accuracy of less than 1 cm and can scan at 

distances greater than 1 km (Transportation Research Board 2012). Phase shift scanners function 

by comparing the shift in the emitted and reflected signals to determine the distance to the target 

using the following equation: 

Time of Flight= 
Phase Shift

2πf
 

where f is the frequency of the signal. The distance to the target can then be calculated in the 

same fashion as the time of flight scanner. Phase shift scanners can only operate on targets with 

shorter ranges, however they have a higher degree of accuracy (within 2 mm) and have faster 

sampling rates (up to 100 times faster than time of flight scanners) (Shan and Toth 2008).  

 

 
Figure 2-2: a) Example of a TLS point cloud created by scanning a rock slope near Boston 

Bar, British Columbia b) Oblique view of rock slope c) Zoomed in view of detail that can be 
obtained using LiDAR 
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 Abellán et al. (2014) provide a summary of TLS principles applied to rock slopes. TLS 

provides a rapid method of data collection across large slopes that may otherwise be inaccessible, 

with a high spatial resolution and mm to cm level accuracy (Lim et al. (2005), Jones (2006)). 

Compared to aerial LiDAR, TLS provides a more useful view of steep slopes due to the view 

angle and consequent reduction in data obscurance. TLS also provides the advantage of reducing 

human sampling bias in data collection and also reduces the exposure of field personnel to the 

hazard (Lato et al. 2011). LiDAR is not affected by light and illumination; therefore, it is possible 

to scan in dark conditions or at night. Compared to radar, LiDAR is capable of producing data 

with a higher spatial resolution, however it can be affected by atmospheric conditions. Smoke and 

haze can limit the range of the emitted pulse and the presence of rain, snow, and fog can lead to 

poor results (Abellán et al. 2014).  

Prior to data analysis, several pre-processing steps are required. Point clouds must be 

cleaned and then registered. The cleaning of point clouds involves removing non-ground points 

which can be done automatically by setting distance ranges, or by manually editing the point 

cloud. In many cases, it can be very difficult and time consuming to completely remove low-lying 

plants and bushes (Abellán et al. 2014).  

TLS data is initially referenced to the scanner’s position and orientation, therefore the 

datasets  collected from multiple sites must be referenced to each other. It is possible to combine 

point clouds and merge them to form one single slope model, which requires at least 20% overlap 

between scans (Olsen et al. 2009). The advantage of merging point clouds from different 

locations and vantage points is a more complete model with fewer occlusions. The drawback to 

this is that files may become very large (Transportation Research Board 2012). To register scans, 

a translation and rotation is used to transform data to some datum reference frame or to the 
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coordinate system of a previous survey. For complex rock slopes, this is best done using point to 

point methods such as an iterative closest point (ICP) algorithm (Besl and McKay 1992) to 

minimize distances between points of two overlapping point clouds. Teza et al. (2007) explain 

that it is usually best to keep data in a local coordinate system to reduce the amount of data 

storage needed.  

 

2.3.1.2 Photogrammetry 

Terrestrial photogrammetry can be used to develop 3D models of slopes using relatively 

inexpensive equipment and software that is easy to use. The basic principles of this process are 

outlined in Beraldin et al. (2000), Gaich et al. (2004), and Haneberg (2008). In this process, the 

3D coordinate of a point is determined using the principle of parallax and measurements from at 

least two images, taken from different vantage points, the locations of which are known. The 

accuracy of these models is based on several factors including the type of camera, focal length of 

the lens, range to the object, the lighting conditions and presence of shadows, and the size and 

geometry of the object. When using a modern, high quality camera, the accuracy of such a model 

can be within 10 cm (Poropat 2006). Photogrammetry models can be built using Structure from 

Motion (SfM) techniques, which are outlined in detail by James and Robson (2012). The 

advantages of this processing technique are that photos do not need to be collected in any 

specialized manner, therefore the number and orientation of photos used for these models can be 

flexible, and can be collected both from land and obliquely from a helicopter. One of the inherent 

limitations of photogrammetry is that models must be scaled, which is commonly done by 

registering the photogrammetry model to terrestrial or aerial LiDAR data (Gauthier et al. 2015).  
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2.3.1.3 Gigapixel Photography 

Gigapixel photography is a technique that involves generating highly detailed images by 

collecting photos with a resolution greater than 1000 megapixels. These photos can be taken 

using a digital camera and a robotic head, developed by GigaPan Inc. to create a fan of images. 

The automatic reconstruction of images to form a panorama can be completed using the GigaPan 

Stitch software (GigaPn Inc. 2013). An example of such an image is shown in Figure 2-3. This 

process is outlined in detail by Lato et al. (2012). These images can act as a standalone, high 

resolution image to document and evaluate rockfalls and other hazards. It is also possible to use 

these photo sets to create 3D photogrammetry models of rock slopes, using software such as 

PhotoScan (Agisoft).  
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Figure 2-3: Example of a GigaPan image and the level of detail achievable in the 
photographs. Photos taken at a rock slope near Goldpan Provincial Park in British 

Columbia on February 15th 2016. 

 

 

2.3.2 TLS Survey Design 

There are several decisions to be made in terms of designing a TLS survey, including 

where to place the scanner, the use of multiple scans with overlap, and the appropriate scanning 

parameters (point spacing/resolution). Some best practices for making these decisions are 

outlined by Kemeny and Turner (2008), Ferrero et al. (2009), and Lato et al. (2010).   
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The distance of the scanner to the target affects the resolution and accuracy of the data 

being collected, since the laser beam diverges as it reaches targets further away (Shan and Toth 

2008). The range accuracy of the scanner can be defined as the accuracy of the scanner at a 

certain distance and the resolution is the level of detail seen in a point cloud (Pesci et al. 2011). 

The accuracy of the data decreases with increased range and angle of incidence. A poor incidence 

angle between the beam and the rock face can cause a reduction in the density of points and the 

strength of the beam, therefore this must be considered when choosing where to place the scanner 

(Lichti and Jamtsho 2006). The resolution depends on the distance to the target as well as the user 

defined spacing between scan lines.  

The placement of the scanner is important, as TLS relies on line of sight measurements. 

As outlined by Sturzenegger and Stead (2009) and Lato et al. (2010), occlusions occur within the 

data when the incidence angle is oblique to the surface of interest. The placement of the scanner 

will affect the amount and location of areas that are occluded due to poor incidence angle.  

A schematic diagram in Figure 2-4 shows the optimal placement of a scanner, which is 

suggested to be at least the right of way distance for a two lane road to reduce vertical sampling 

bias.  It is also possible that the placement of the scanner can cause a horizontal sampling bias 

(shown in Figure 2-5). To overcome the issue of occlusions, multiple scans can be taken from 

different vantage points. As shown in Figure 2-6, scans should have an angle of at least 50 

degrees between the scanner and the area being scanned on the slope, to minimize problems due 

to incidence angle, and scans should have at least 20% overlap in order to merge scans (Kemeny 

and Turner 2008).  
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Figure 2-4: Vertical sampling bias as affected by placement of laser scanner a) Scanner 
position too low and close to slope b) Reduced occlusion by moving scanner away from the 

slope c) optimized placement of scanner to reduce occlusions (modified from 
Transportation Research Board (2012); Slob (2010)). 
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Figure 2-5: Horizontal sampling bias as a result of only a single scan location (Lato et al. 
2010) 

 

 
Figure 2-6: Schematic diagram of TLS survey setup for the use of multiple scan sites with 

overlap, modified from Transportation Research Board (2012). 
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2.3.3 Rockfall Hazard Analysis Using Remote Sensing 

Prior to the introduction of TLS, quantifying the magnitude of slope changes was difficult 

using more traditional aerial methods, as  coverage of steep slopes was limited due to occlusion. 

The high expense of aerial data collection also meant that it was collected infrequently, if at all, , 

and it was likely that failure areas would overlap spatially between data collection missions, 

therefore appearing as one single event. TLS can be used to quantitatively evaluate rockfall 

source areas (outlined by Abellan et al. (2006), and Rabatel et al. (2008)) and to provide insight 

into how slopes evolve and fail over time ((Lim et al. 2005), (Jones 2006)). Using terrestrial 

methods can lead to reduced occlusions on steep slopes compared to aerial data collection. In 

addition, scans can be used to collect detailed topographic information for use in rockfall 

modeling (Kemeny and Turner 2008) and can be used to provide parameters for rockfall hazard 

rating systems (Lato et al. 2009), which can be combined with change detection to perform a 

more complete hazard analysis.  

Change detection methods (comparison between multi temporal datasets) can be useful in 

further evaluating rockfall hazards on a slope. Using sequential TLS surveys, changes on the 

millimeter to centimeter scale can be identified using shortest distance measurements (Abellán et 

al. 2009). Change detection can be used to identify rockfall source zones and to track blocks 

moving down a slope. As outlined by Rosser et al. (2005), Petley et al. (2002), and Olsen et al. 

(2009), change detection can be used to identify erosion and detachment of rock blocks on a 

slope. As outlined by Kromer et al. (2015), with small detection limits, it is possible to identify 

multiple types of movement on a single slope, including discrete rockfalls, loss and accumulation 

of debris, and deformations of blocks prior to failure (Figure 2-7). The advantage of this type of 

data is that the true 3D volumes of failed blocks can be calculated, as outlined by many studies 
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including those by Lim et al. (2005), Rosser et al. (2005), Oppikofer et al. (2008), Rabatel et al. 

(2008), and Abellán et al. (2011). However, it is important that some type of field validation take 

place for events that are observed. Using these methods, it is possible to generate an extensive 

database of rockfalls using automated processes (Tonini and Abellán 2014). One potential 

limitation of this process is the temporal resolution of the data. It can be difficult to identify 

individual rockfall events if the duration between scans is significant enough that multiple events 

have coalesced into one apparent event. 

 
Figure 2-7: Change detection map for a rock slope at White Canyon West (CN Ashcroft 

Mile 94.2) showing individual rockfalls, movement of talus material, and deformation 
(Kromer et al., 2015) 
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Several case studies outline the use of TLS in understanding the frequency-magnitude 

distribution of rockfalls in various geological environments including D'Amato et al. (2013) 

(limestone cliffs in the French alps), Santana et al. (2012) (fractured granodiorites in Eastern 

Pyrenees) and Carrea et al. (2015) (marl and sandstone cliffs near Lausanne, Switzerland). These 

studies all show an increased level of detail compared to historical inventories, especially for 

small volume rockfalls. However, because the time span of LiDAR data collection at a site is 

typically short (a few years at most), the range of volumes sampled for each of these databases 

can be quite small. Although there is a higher level of detail in the smaller volume ranges, there is 

still a notable rollover effect in the data for some studies.  

The use of photo data can also be incorporated into this analysis. Before and after photos 

of the rockfall source zone can be used to validate that events occurred as long as the resolution is 

high enough (Guerin et al., (2014); Kromer et al., (2014)) . While it is also possible to perform 

change detection and rockfall characterization, as described above, using 3D models from 

photogrammetry, the accuracy of the models is worse and change detection limits are greater, 

therefore it would not be possible to identify smaller rockfalls, less than 0.5 m3, that can be seen 

using TLS (Gauthier et al. 2012).  

 

2.4 Summary 

Rockfalls are controlled by slope geometry and slope materials and can be triggered by a 

variety of factors. Understanding the hazard likelihood of rockfalls, including the 

frequency/magnitude relationship, is an important component of risk assessment for railways, 

however it can be difficult to keep a complete record of activity for large, steep, and dangerous 

slopes where activity is frequent. With careful survey design, it is possible to identify changes in 
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the rock slope over time using remote sensing data including TLS, and additional data can be 

obtained using photogrammetry and GigaPan photos. This change detection process can be used 

to identify rockfall events and their location on the slope. The frequency/magnitude relationship 

for rockfalls has been shown to follow a power law using databases from both traditional methods 

and remote sensing methods, however the volumes that can be identified using remote sensing 

may provide additional data on the frequency and magnitude of rockfalls for small volume ranges 

that would not be available from traditional methods.  
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Chapter 3: Study Site, Data Collection and Data Processing Methods 

 

3.1 Study Site 

The Ashcroft subdivision of the CN Rail corridor (Figure 3-1) traverses many hazardous 

slopes as it runs alongside the Thompson and Fraser rivers, between the towns of Ashcroft and 

Boston Bar, British Columbia. The slope of interest in this study is commonly known as the 

White Canyon.  It is located approximately 250 km northeast of Vancouver, near the town of 

Lytton. This area contains a large slope with many vertical features, the active portion of which 

reaches up to 500 m in height above the railway (Gauthier et al. 2012). The slope spans 2.2 km of 

railway track between Mile 93.1 and 94.6 of the Ashcroft subdivision. It is separated into two 

bowl shaped sections, denoted herein as the West and East sections, by a ridge of more competent 

rock containing a short railway tunnel. There are seven rock sheds in the White Canyon. The high 

frequency of rockfall events reaching track level can be a significant problem, as the proximity of 

the tracks to the Thompson river limits the available ditch retention capacity.  

 

3.1.1 Previous Work 

In 1977, a study was completed by Piteau (1977) to understand the regional controls on 

slope stability in the Fraser Canyon, along the segment of the CN Rail line between Lytton and 

Hope. This study identified that rock-cuts in this area, created in part due to lateral erosion by the 

rivers, are subject to slope instability problems due to the steep nature of these slopes and the 

absence of catchment areas for rockfall. Because these slopes were likely damaged by blasting 

during the creation of the railway and are also subject to unloading at the toe of the slopes, 

rockfalls are a common hazard. This study identified freeze-thaw cycles as a major contributor to 
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rockfall activity due to the number of overhangs, cracks, and dislodged blocks present on the 

slope.  

Further study of this issue in British Columbia was completed by Hungr et al. (1999). 

This work focused specifically on magnitude and frequency of rockfalls and rock slides along 

both highways and railways in this area using four different sets of historical data (Highway 99, 

Highway 1, CP Rail line and BC Rail line). The data presented in this study show the magnitude-

cumulative frequency data fit a power law for orders of magnitude between 10-2 and 104  m3 for 

one dataset and from 1 to 104 m3 for the other three. There was a significant roll over effect in the 

data (collected through visual inspection) due to the lack of information about  small magnitude 

rockfalls.  

The first TLS scans of the White Canyon were taken in 2012 (April, June, and 

November) and the details of this initial work are outlined in Gauthier et al. (2012). The results of 

this first survey and performing of change detection on the slope included the identification of a 

123 m3 rockfall event as well as the accumulation of talus material in a debis channel on the slope 

and at track level.  
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Figure 3-1: Location of the White Canyon, along the Thompson River, near Lytton, BC. 

3.1.2 Geology and Slope Materials 

The geology at the White Canyon has not been well-documented, and descriptions from 

different sources are variable. The most detailed study of the area identifies the host rock as 

highly metamorphosed amphibolite and quartzofeldspathic gneiss with distinct amphibolite bands 

in some areas. This unit is cross cut by igneous dykes and intrusions varying in composition 

(tonalite, quartz diorite) which commonly form large vertical spires.  A granodiorite of the Mt. 

Lytton Batholith with characteristic red hematite staining is present in the far west section of the 

canyon (Brown 1981). While the descriptions of the exact rock types may be subjective, the 

description of the four different units is reasonable based on observations made during fieldwork. 

Access to the slopes of the White Canyon is rare and of  short duration via the operational railway 
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tracks at its base. High resolution images of each of these geological units are shown in Figure 

3-2. The rock in the canyon is weathered, altered and fractured, creating a rock mass that is highly 

complex. Because the fracturing and alteration exist on many different scales, the slope is 

susceptible to rockfalls and slides of varying magnitudes and failure mechanisms (Gauthier et al. 

2012). This slope can be classified as having high structural anisotropy, which can make it 

difficult to evaluate due to variable discontinuities and rockmass conditions (Lato et al. 2011).   

 

 

Figure 3-2: a) Photogrammetric model of the White Canyon, b) Mt. Lytton Batholith 
(granodiorite) unit with red staining, c) quartzofeldspathic gneiss with amphibolite bands, 

d) dioritic intrusion forming a vertical spire, and  e) tonalite dykes. 
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The active portion of the slope is composed of two different types of material – rock 

outcrops and debris channels containing talus material. Rockfalls initiate from outcrop areas and 

land in a talus channel or make their way down to or past track level. Material accumulates in 

talus channels and is funneled down towards the tracks. For future use in this thesis, a rockfall is 

considered to be a failed mass of rock originating from rock outcrop and does not include talus 

material, as each material type has been seen to behave differently in the canyon, as would be 

expected.  

 

3.1.3 Rockfall Hazard Management Techniques 

There are currently several hazard management approaches used throughout the canyon 

to decrease the hazard presented by rockfalls. There are seven rock sheds of three different 

construction types placed underneath talus channels to control the movement of material and 

direct it over the tracks. As rocks and talus material move down the slope they accumulate on the 

tops of these rock sheds. Often these sheds need to be cleared out once a significant amount of 

material has accumulated, otherwise material has the potential to be redirected onto the railway 

tracks by built up debris. The flat topped structures (Figure 3-3b) are designed to be cleared off 

regularly. Other protective measures include the placement of draped wire mesh near track level 

in certain areas that are prone to rockfall in order to guide material more directly into the small 

catchment ditches. Because of the limited capacity for storage of rock debris in these ditches, 

material must be excavated on a frequent basis in order to create space for future accumulation. 

Rocks falling from high above the tracks are difficult to completely manage using mitigation 

techniques (Carlson 2010). The various types of rock sheds and attenuators are shown in Figure 

3-3.  
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Figure 3-3: Rock slope mitigation structures in the White Canyon, including: a) Original, 
wooden sloped roof rock shed construction, b) modern, flat topped construction, c) concrete 
arch construction, and d) attenuators located across the debris channel to funnel material 

into the ditch.  

 

3.1.4 Monitoring Systems 

There are two types of rockfall monitoring systems present in the canyon – a slide detection fence 

(SDF) in both the West and East sections, and an experimental microseismic rockfall detection 

system (SRFDS) in the West section. The details of each system are described below.  
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3.1.3.1 Slide Detector Fence (SDF) 

The SDF is a common tool used by railway operators in North America along sections of 

track that are prone to rockfall. The system (Figure 3-4) consists of large wooden poles, spaced 

approximately 20 m apart. Between these poles, trip wires are strung horizontally. SDFs operate 

under the principle that falling debris will break one or more wires, sending a signal to the trains 

to operate at a reduced speed, such that the train could stop safely if there were debris obstructing 

the tracks.  In the White Canyon, this reduced speed can be as slow as 5 mph due to the short 

curves, tunnels, and rock sheds which limit the line of sight (Carlson 2010). Once the fence is 

activated, it must be manually repaired by railway maintenance personnel; these repairs cannot 

take place during inclement weather or without daylight. Therefore, the system can remain 

activated for significant periods of time, causing the slow order to remain in effect. The 

implications of this includes delays and can sometimes lead to a bottlenecking effect in the 

corridor. In addition, trip wires sometimes must be taken down or apart in order for scaling and 

maintenance work to take place. Because these fences are often placed along the most hazardous 

stretches of the rail corridor, the more often that personnel are required to fix them, the more 

often they are exposed to the hazards. Ideally, the solution to this would be a monitoring system 

that is able to be reset remotely after the presence of a rockfall has been confirmed and cleared 

(Brackett 2002).  
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Figure 3-4: a) slide detector fence at the base of the canyon looking towards track west b) 

looking towards track east 

 

3.1.3.2 Microseismic Rockfall Detection System 

A Microseismic Rockfall Detection System (commonly referred to as SRFDS) is located 

in the West section of the canyon. The system consists of 68 geophones, spaced approximately 17 

m apart, which constantly measure the acoustic and vibrational energy in the ground. As a part of 

this system, a computer applies filters to the seismic signals and compares them to a set of criteria 

that are used to confirm that a rockfall event occurred (Nedelko and Weir-Jones 2010). The 

benefits are that, unlike the SDF, when the system is well calibrated, rockfall events can be 

separated from nuisance events. With this system, it is possible to discriminate rockfall events 

from trains, highrail vehicles, falling trees, and animals. The system is reset automatically after 

the successful passing of a train through the canyon, eliminating the need for maintenance 

personnel to manually fix the system, and therefore decreasing the amount of time that the system 

is deactivated compared to the SDF (Carlson 2010). The SRFDS measures rockfall impact in 
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terms of the “binary count” which is related to the energy and velocity of the event, and this 

factor can be used to identify significant rockfalls. CN has set a binary count threshold of 50000 

in the White Canyon, which is equivalent to a 10 in. x 10 in. x 10 in. (0.164 m3) block falling 

from 10 ft. (3.05 m) above track level. This means that any rockfall event registering a binary 

count greater than 50000 is considered noteworthy by CN.  The SRFDS was installed for proof of 

concept purposes, and has been operational intermittently between 2012 and June 2015. Currently 

it is switched off.  

 

3.2 Remote Sensing Data Collection 

Data collection campaigns have taken place from April of 2012 to present. During each 

of these field visits, data was collected for the White Canyon site, among other sites along the 

Fraser and Thompson River rail corridors. The data that has been collected includes TLS data, 

gigapixel photography data, and photogrammetry data. The survey design changed slightly from 

year to year as improvements to the data collection and processing workflows were made. Data 

on rockfall monitoring systems and weather was also obtained from other sources.  

 

3.2.1 Frequency of Data Collection 

Field campaigns generally took place on a seasonal basis, with several longer campaigns 

occurring in the summer months. In the first three years, data was not collected over the winter 

months due to the poor data quality obtained using TLS on snow covered slopes, and the inability 

to operate the scanner in sub-zero temperatures, however February scans were obtained in 2015 

and 2016 during short periods of warm weather, permitting TLS data collection. The various field 

data collection periods are shown in Figure 3-5, with scans for the White Canyon collected at 
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least once per campaign. Data for White Canyon West and East were collected on separate days, 

which were not necessarily sequential. In some instances, the data for each section (West or East) 

were collected over two sequential days due to poor weather and/or limited daylight hours. The 

duration of time between scans ranges from 3 days to 132 days.  During each data collection 

period, scans were taken of the White Canyon West. Some periods were missed in White Canyon 

East, due to presence of bears and cougars, and difficulty accessing the site in winter weather.  

 

 
Figure 3-5: Chart outlining the data collection periods during which at least one scan of the 

White Canyon was completed 

 

3.2.2 Data Collection Methods 

3.2.2.1 Terrestrial LiDAR Data 

TLS data was collected using an Optech ILRIS 3D scanner with enhanced range (ER) 

capabilities and an attached pan/tilt system. The scanner was set up at various locations, referred 

to as scan sites, across from the slope on the opposite bank of the Thompson River. The locations 

of the scan sites were generally consistent, however in the early stages of scanning, sites were 

added or removed as the requirements for accurate data processing were better understood. A 

map of the most recent survey configuration (late 2014 until present) is shown in Figure 3-6, 
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outlining five scan sites in each section of the canyon. From these locations, the distance to the 

slope ranged from 300 to 700 m depending on the site and height of the slope in each area.  

 

 

Figure 3-6: Map of the White Canyon area with the locations of TLS scan sites identified. 

Each TLS dataset was collected using several scan windows to allow for a more uniform 

point spacing of approximately 10 cm over the entire height of the slope. An example of this 

process is shown in Figure 3-7. Boxes were organized such that there was a significant amount of 

overlap with the boxes above and below, at least 20%, for the purposes of aligning and merging 

the scan boxes. For each box, the estimated average distance to the slope was specified and the 

target point spacing at the average distance was chosen to be between 9.6 and 10.0 cm. The actual 

average distance to the slope and point spacing at that distance are provided in the data output 

from the scanner.  Data was collected using the Enhanced Range feature on the TLS unit.  
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Figure 3-7: TLS scan box setup for a single scan site, using 3 scan boxes to create a more 
uniform point spacing throughout the slope. 

 

3.2.2.2 Gigapixel Photography 

Gigapixel photos were collected using a Nikon D800 digital SLR camera with a 135 mm 

lens and a GigaPan Epic Pro robotic head (Figure 3-8). At each of the TLS scanning locations, 

the camera was set up on the robotic head and a fan of images was collected, such that there was 

a 20% overlap between each photo in both the horizontal and vertical directions.  
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Figure 3-8: DSLR camera (Nikon D800) mounted on GigaPan robotic head 

 

3.2.2.3 Photogrammetry 

While the gigapixel photographs can be used for photogrammetric modelling, the canyon 

is large and individual data collection locations are quite far apart. To add to the dataset available, 

other, single photographs, taken from a variety of vantage points at various angles were also 

captured using the same camera and a 50 mm lens equipped with a GPS receiver.  

 

3.2.2 Other Available Data 

Data related to the rockfall monitoring systems was provided by CN, for the period of 

time between November 2014 and June 2015. The SDF data contains the date and time that the 

system was triggered as well as the time that the system was repaired. The data for the 

microseismic system includes data for activations identified as rockfalls as well as false 

activations. The data for rockfall activations includes the date and time of system activation and 
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reset, the rockfall impact geophone, number and location of other triggered geophones, and the 

binary count (related to measured energy). The false activations include the date and time of 

system activation and reset. Therefore, information on when each system was running and when 

they were activated (and therefore not able to record rockfall data) can be determined.  

Weather data was obtained using the Climate Archive from the Government of Canada 

(Government of Canada 2016). Data on temperature and precipitation from the weather station in 

Lytton, BC (5.5 km from study site) was used as a representative data set for the White Canyon.  

 

3.3 Data Processing Methods 

3.3.1 TLS Data 

The workflow for processing TLS data consists of cleaning the data, aligning scans, and 

performing change detection. To prepare for processing the TLS data, the scans are converted to 

an appropriate format using the ILRIS parser software (Optech 2011). Any obvious trees, bushes, 

and SDF poles are manually removed from the point clouds in the cleaning of the data. The two 

primary software packages used to perform the alignment and change detection work are 

PolyWorks (InnovMetric 2015), and CloudCompare (CloudCompare 2015), as well as an 

algorithm developed by Kromer et al. (2015). For analysis of the LiDAR data, the canyon is split 

into several sections (Figure 3-9) for the purposes of visualization and to optimize the size of the 

data files.  
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Figure 3-9: TLS models of the White Canyon split into sections for data processing 

3.1.1.1 Alignment of Scans 

In order to perform change detection, scans must be aligned and placed within the same 

reference frame. Initially, scans from a single date (and multiple scan sites and scan boxes) are 

aligned to create a reference model. Using this reference, scans from a new date (either an earlier 

or later scan) can be aligned to this reference model. The alignment process is made up of two 

steps: an initial rough alignment using manually selected point pairs (at least 3 identical points) 

and a fine alignment using an Iterative Closest Point (ICP) best fit algorithm (Besl and McKay 

1992). This process is outlined in Figure 3-10. The standard deviation of the alignment error 

between the two models can be used to determine an appropriate Limit of Detection (LoD) for the 

subsequent change detection. The limit of detection is defined as 2σ, where σ is the standard 

deviation of the alignment (95% of points fall within this range). For example, for an alignment 

with a standard deviation of 1.5 cm, any change between – 3 cm and + 3 cm is interpreted to be 

noise, if the mean change is zero, whereas anything above or below these boundaries is 

interpreted to be real change. Generally, the alignment process and subsequent LoD assessment 

can be improved by ignoring areas that are known to have changed (most commonly large areas 

in talus channels) during the time period between scans. For the data analysis in this thesis, data 

from November of 2014 was used to create the reference model as this was the first time that 
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high-resolution data was collected over the entire White Canyon slope, including the upper 

portions of the slope. All of the alignment processes were completed using the IMAlign module 

of PolyWorks. For each scan box, a 4x4 alignment matrix can be exported and saved to be used to 

align this section to the same reference frame again and in the future, instead of going through the 

process of picking points and performing the ICP algorithm again.   

 

 
Figure 3-10: Process for creating a TLS reference model and aligning sequential scans to 
this model. Limit of detection is +/- 5cm so the two models appear slightly different when 

aligned (bottom right image) 

 

3.1.1.2 Creating Meshes and Point Clouds 

After aligning each individual scan box for a given section, the combined alignment file 

for each section can be converted into a triangulated mesh using the IMMerge module of 

PolyWorks and the IMAlign file for a scans from a single date. The smoothing level was set to 

“none” for the merging process to avoid loss of precision. To create a combined point cloud for 
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all of the scan boxes in one section, the IMInspect module of PolyWorks was used. The data for 

each individual scan box was imported into IMInspect and converted into the appropriate 

reference frame using the exported matrices from IMAlign. Once all scan boxes are aligned, the 

entire section can be exported as one point cloud containing the x,y,z coordinates of each point as 

a text file.  

 

3.1.1.3 Change Detection 

To locate areas of rockfall or sliding of material on the slope, change detection can be 

performed using TLS scans from sequential dates. For this project, there are two methods that can 

be used to perform the change detection; mesh to mesh comparison and point to point 

comparison. To compare changes between two meshed models, the “Measure – Deviations of 

Data Objects” tool in the PolyWorks IMInspect module can be used to perform a shortest 

distance measurement between two meshed models. A point cloud to point cloud comparison can 

be completed using the process outlined in Kromer et al. (2015) where distances are calculated 

along a local normal and averaged using several points with a small projection scale. The 

advantage of the point to point comparison method is that the comparison is more accurate and 

does not require creating a mesh or DEM, whereas a mesh to mesh or a point to mesh comparison 

requires averaging points to create a surface model (Lague et al. 2013). An example of this 

change detection process is shown below in Figure 3-11. The limit of detection for this particular 

example is 5 cm and it is possible to see movement of talus material in debris channels on the 

slopes, as well as individual rockfalls ranging in size from 0.01 to 0.16 m3.  
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Figure 3-11: Change detection maps of the White Canyon (Mile 94.2) highlighting talus 
movement and rockfalls between February and June of 2015. Limit of detection is +/- 5 cm. 

  

3.3.2 Gigapixel Photos 

The GigaPan photos are processed by converting the photos from RAW to JPEG format 

and then loading them into the GigaPan Stitch (GigaPan Inc. 2013) program where they can be 

arranged into a series of tiles and stitched into a large panorama which permits the user to zoom 

in and gain a detailed image of a section of the slope (Figure 3-12).  
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Figure 3-12: Processing of GigaPan photos to make a high resolution panorama. Example 

using photos taken on June 6, 2014 at White Canyon West. 

 

3.3.3 Photogrammetry 

The photogrammetry datasets can be used to create a fully coloured, 3D model of the 

slope. This is done using AgiSoft PhotoScan Pro (Agisoft 2015). Camera positions are taken from 

the GPS coordinates of each photo and common points, from photos that overlap but are taken 

from different vantage points (Figure 3-13). More details on the process of creating these models 

using PhotoScan are outlined in Tavani et al. (2014). Once created, the photogrammetry model 

can be scaled and aligned to the TLS models using the process described above in Section 3.1.1. 

Using PhotoScan, it is possible to classify the photogrammetry point cloud into different 

domains. This process, and how it can be used, are further discussed in Chapter 5.  
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Figure 3-13: Development of a photogrammetry model, including a) general principle of 

creating a photogrammetry model modified from Tavani et al. (2014)  and b) 
photogrammetry model of the White Canyon with camera locations 

 

3.4 Extraction of Rockfall Information from Data Sources 

The advantage of using remote sensing data to identify rockfall source zones and events 

is that more accurate estimates of rockfall source zone locations and volumes can be obtained 

compared to traditional assessments. After performing change detection between sequential TLS 

scans, areas of loss from rock outcrops can be interpreted as rockfall source zones and rockfall 

information can be extracted from the various forms of remote sensing data to build a database of 

events. This section contains a general overview of the rockfall information that can be obtained 

through traditional databases, rockfall monitoring systems, and through remote sensing. The 

general methods through which rockfall information can be extracted from remote sensing data 

are outlined, while specific details regarding these methods are outlined further in the following 

chapters.  

 



 

 

 

62 

3.4.1 Existing Rockfall Databases 

Traditionally, rockfall records are created by visual inspection of slopes in the field by 

railway personnel. These take place at track level where it can be difficult to identify rockfall 

source zones and it may be difficult to determine if debris at track level is the result of single or 

multiple rockfall events. As a result, traditional rockfall records may include the location of the 

rockfall event, approximate timing, and an estimate of rockfall volume, however volume 

estimates are often missing from these records, rendering them incomplete. In addition, 

assessment using these methods exposes railway personnel directly to the hazard (Lato et al. 

2011).  

 

3.4.2 Rockfall Monitoring Systems 

Rockfall monitoring systems including the SDF and SRFDS collect data that may be 

useful in determining the frequency of rockfall events, but are generally lacking in other 

information. The SDF reports available for the White Canyon provide the timing of the fence 

trigger but do not provide a location, other than the section of track (in this case the entire 

canyon) that the rockfall occurred. The SRFDS provides the time that the system was triggered, 

as well as the estimated location of rockfall impact at track level. An estimate of the rockfall 

energy at impact is provided as the “binary count” factor in the microseismic rockfall reports. 

Like traditional rockfall inventories, these systems do not provide any information on rockfall 

source zones which is important in understanding the failure processes operating on the slope.  
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3.4.3 Remote Sensing Data 

Using TLS data for 3D change detection, it is possible to identify the location of each 

rockfall, in true 3D space. This location can then be used to determine the height of the rockfall 

above the track and the track mileage at which the rockfall occurred (but not necessarily where it 

landed). Based on the differences between the two models, it is possible to calculate the volume 

of the failed blocks. For the methods outlined in this thesis, the lower limit on the identifiable 

volume of rockfalls is 0.01m3 for specific scans (Chapter 4). Using the known dates between 

scans, it is possible to identify the time frame during which the event occurred. Using the 

gigapixel photos, it is possible to confirm that a rockfall event occurred, using the before and after 

photographs relative to the known time period of the event. It may also be possible to identify 

structural controls on the failure of the block and estimate the failure mechanism from the photos. 

The classified photogrammetry model can be used to identify the lithology of each rockfall, given 

its location in space. While is it possible to also identify areas of accumulation on the slope, it is 

not possible to identify a precise end point for each rockfall because their travel path, and whether 

or not the block made it all the way down the slope, or over the tracks completely is not known.  

Together, all of these remote sensing components can be used to build a database of 

rockfall events and source zone characteristics, similar to one that would be created through track 

inspection, however more detail can be provided on the spatial distribution of rockfalls as well as 

their range in magnitudes. Because of the high frequency of events on the slope, it is onerous to 

complete this classification manually for each event. However, it is possible to automate the 

classification process, as outlined by Carrea et al. (2015), Tonini and Abellán (2014), and Janeras 

et al. (2015). Further details on how these processes can be applied to our data are outlined in 

Chapter 4.  
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3.4.4 Comparison of Data Sources 

A comparison of the various types of available data and the rockfall characteristics that 

are detectable from each type are outlined in Table 3-1. The characteristics that can be 

automatically extracted from change detection using the remote sensing data are highlighted in 

green. For the work in this thesis, the focus is on rockfall locations, magnitudes, and block shapes 

obtained from TLS data and lithologies from the photogrammetry models, with comparisons 

made to the rockfall monitoring datasets as a final component of the project. While many of the 

same features can be extracted from both TLS and photogrammetry data, the practical limit of 

detection for TLS (a few cm) is lower than photogrammetry (10-15 cm with current processing 

techniques) therefore we are able to see smaller and more accurate changes with TLS. The 

processing time for the TLS data is relatively quick (3-4 hours to align, merge, and perform 

change detection for one half of the canyon) however is a heavily supervised process, whereas 

creating a high-quality photogrammetry model of one side of the canyon may take an hour of 

interactive work plus several days of unsupervised processing time.  However, the collection of 

the TLS data (10 hours with current scanner and scan configuration) is significantly more than the 

time it would take to collect a photogrammetry set (less than one hour either from ground or 

helicopter).  
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Table 3-1: Comparison of data sources for extraction of rockfall information (~ may be 
possible in some cases). TLS and Photogrammetry require change detection from sequential 
scans to extract information. 

 SDF SRFDS TLS Gigapan Photos Photogrammetry 

Source Zone Location   √ ~ * √ 

Impact Location  √** ~ ~ ~ 

Specific Time of Event √ √    

Rockfall Volume   √  √ 

Rockfall Lithology    √ √ 

Block Shape   √ √ √ 

Failure Mechanism   √ √ √ 

*May be possible to locate in Gigapan photos given TLS change detection 

**Location at which rock passes over tracks. May not be final impact location 

 

3.5 Summary 

The White Canyon is a hazardous slope that is highly weathered, fractured, and foliated, 

and is therefore prone to frequent rockfall activity, presenting a hazard to the railway below. 

While current rockfall mitigation and monitoring systems are present, including rock sheds, 

mesh, SDFs, and a SRFDS monitoring system, rockfalls still present a hazard, and it is difficult to 

keep a complete record of activity using the current methods of track inspection and monitoring 

systems. We began studying this slope using TLS in 2012 and with careful survey design and 

advanced processing techniques we are able to identify very small changes, including the 

occurrence of rockfalls, on the slope using the TLS data. We can also use photogrammetry data 
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and photographs to provide additional insight into rockfall characteristics. These techniques allow 

us to build a database of rockfall events to complement what currently exists. As these methods 

are discussed further in this thesis, it is important to understand that we are able to obtain such 

low limits of detection, and therefore are able to see small changes on the slope, due to a careful 

survey design which is been refined over several years, as well as the use of multiple datasets 

spaced closely together, and detailed processing techniques.  
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Chapter 4: Effects of Sampling Interval on the Frequency-Magnitude 

Relationship of Rockfalls Detected from Terrestrial LiDAR using Semi-

Automated Methods 

4.1 Introduction 

The frequency-magnitude relationship of rockfalls is an important component of hazard 

and risk assessment for dangerous slopes, which can be evaluated through the use of a rockfall 

database. In the case of rock slopes along rail lines, these inventories have been traditionally 

created through collection of data during track inspections. On slopes where activity is frequent, it 

can be difficult to maintain a complete record, especially for smaller events that may not be 

identified at track level. These inspections require railway personnel to be directly exposed to the 

hazard (Lato et al. 2009). On large, complex slopes, such as those along the railways in Western 

Canada, it can also be difficult to identify rockfall source zones in the field, due to obstructed line 

of sight and visually complex slopes. However, information on rockfall source zones, such as the 

location of the source zone and shape of the block can be useful in addition to the frequency-

magnitude relationship for understanding the failure processes operating on the slope (Ritchie 

1963). Remote sensing methods can be advantageous where steep and unstable slopes render 

typical field data collection unsafe and unfeasible (Sturzenegger and Stead 2009).  

Terrestrial laser scanning (TLS) can be a useful tool in characterizing the changes over 

time on rock slopes. By performing change detection using multi-epoch, sequential scans, 

individual rockfall events can be identified on the slope, including their locations and volumes, as 

demonstrated by Rosser et al. (2007), Lato et al. (2009), Lim et al. (2010), and Abellán et al. 
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(2010). Hungr et al. (1999) determined that there is a demonstrated relationship between rockfall 

volume and cumulative rockfall frequency which can be defined by a power law such that: 

f(V) = αV-b 

where f(V) is the cumulative number of rockfalls, V is the rockfall volume, and α and b are 

constants. This relationship appears as a straight line when plotted on a log-log graph. Many 

studies, including Rosser et al. (2005), Santana et al. (2012), D'Amato et al. (2013), and Guerin et 

al. (2014) have shown that the rockfall frequency-magnitude relationship for slopes can be 

determined through the use of TLS and that these relationships are generally well fit by a power 

law.  

 Santana et al. (2012) show that the frequency-magnitude relationship can be calculated 

with a semi-automated method using areas of rockfall scars and exposed discontinuity surfaces to 

estimate rockfall volumes. D'Amato et al. (2013) use a similar process for determining the shape 

of fallen blocks based on the orientations of joint planes. Both studies show a power law fit for 

the frequency-magnitude plot of the rockfalls for volume ranges greater than 0.25 m3 and 0.1 m3 

respectively.  Both studies identify an undersampling of smaller events, causing a “rollover” in 

the frequency-magnitude curves.  

 Guerin et al. (2014) completed a study where rockfalls were identified using TLS on a 

large cliff in Genoble, France, over a three-year period and their volumes were calculated by 

creating 3D meshes of the rockfall regions. For this particular study, the limit of detection for 

change was 10 cm and the rockfall data was well fit by a power law for volumes greater than 0.05 

m3. However, they noted that this process was quite manual and time consuming.  

 Tonini and Abellán (2014) present a method for automatically identifying and clustering 

rockfalls using point cloud data. Using this method, a distance threshold is set to extract rockfall 
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features from the change detection data. A nearest neighbour clutter removal algorithm (Byers 

and Rafferty 1998) is then applied to this data in order to separate rockfall features from any 

residual noise or clutter in the data. A density based spatial clustering application (DBSCAN, 

Ester et al. (1996)) is used to separate the remaining points into clusters representing each rockfall 

event. In this study, the number of points making up a rockfall cluster was used as an analogue 

for volume in analyzing the frequency-size distribution of rockfalls. Carrea et al. (2015) identify 

that previous methods of calculating rockfall volumes based on scars may not be sufficient when 

dealing with geometrically complex slopes where rockfall shapes are not regular. In a study of La 

Cornalle cliff in Switzerland, the techniques outlined by Tonini and Abellán (2014) are applied to 

identify rockfall events and their volume is calculated using an alpha-shape concave hull method 

(Edelsbrunner and Mucke (1994), Teichmann and Capps (1998)) to calculate the volume of the 

complex, concave shaped rockfalls. Using these methods, rockfalls were identified and the 

dataset had a frequency-magnitude relationship that was well fit by a power law for volumes 

greater than 0.1 m3.  

 Tonini and Abellán (2014) and Carrea et al. (2015) note that using too long of an interval 

between scans may lead to the overlapping of multiple events, causing them to be interpreted as 

one single event. This may affect the frequency magnitude- relationship, and the temporal 

variability in events must be considered in future work. Janeras et al. (2015) present the 

successful application of similar techniques to the study of rockfalls in the Montserrat Massif in 

Spain and also identify the need for increased sampling frequency to understand the time 

variability of the results.  
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4.1.1 Study Objectives 

The objectives of this study are to apply the methods outlined above and build on these in 

order to  identify rockfalls on a large, complex slope, and to understand the frequency/magnitude 

relationship of these events. We also use these methods to develop an understanding of how 

sampling interval (duration between scans) affects the results of this classification and the 

resulting frequency/magnitude relationship, considering the high frequency of events recorded on 

this slope. A  longer sampling interval may cause individual rockfall events, occurring at different 

times in the same location to coalesce, thus appearing as a single event in terms of the automatic 

classification. We also demonstrate how a classification of rockfall block shape can be 

incorporated into this process and discuss how these results can be incorporated into further 

hazard analysis. This analysis may lead to a better understanding of how often, and when data 

should be collected in order to create a complete and accurate record of rockfall activity on the 

slope, which can be used as input to CN’s rockfall hazard management process.  

 

4.1.2 Study Site 

The White Canyon is located just outside the town of Lytton, British Columbia in Canada 

and spans a 2.2 km section of railway between Milepost 93.1 to 94.6 of the CN Ashcroft 

subdivision (Figure 4-1). The rocks in the canyon are highly weathered and foliated, and the 

complexity of the rockmass produces rockfalls varying in size and shape. The predominant 

lithology in the canyon is a quartzofeldspathic gneiss which contains a series of tonalite dykes 

and dioritic intrusions (Brown 1981). Many of these intrusions form vertical spires on the slope 

which act as source zones for rockfalls. Notable failures in recent history at this site include a 

2600 m3 event which occurred in June 2013, which is discussed in detail, along with the geology 
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and structure of the slope by Kromer et al. (2015b). Frequent rockfall activity presents a hazard to 

the railway as it is built in close proximity to the Thompson River and there is limited space for 

rockfalls to accumulate in the ditches at the bottom of the slope. Consequently, ditch maintenance 

must take place on a regular basis. In addition, a series of rock sheds are used to collect and/or 

direct debris over the track in certain areas. While activity on this slope is frequent, the rockfall 

records have not been well-maintained, which limits the analysis of relationships with this data.   

The canyon is separated into two sections by a short railway tunnel and the results of this 

study are focused on the West half of the canyon. We have studied this slope using remote 

sensing methods (terrestrial and aerial LiDAR, Gigapixel photography, and photogrammetry) 

since 2012 and have refined data collection methods over this period to collect high resolution 

data over the entire slope (approximately 2km wide by 600 m tall) such that we can consistently 

identify small volume rockfalls (0.01 m3) across the entire slope.  

 
Figure 4-1 a) Coloured photogrammetry model  of the White Canyon West slope created 

using data collected in September 2013  b) image of the slope taken looking up  when 
standing at track level (Mile 93.2) 
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4.2 Methods 

4.2.1 Data Collection 

TLS data was collected on 7 dates between November 2014 and February 2016 (6 scan 

intervals, 15 months total) using an Optech ILRIS-3D scanner with enhanced range capabilities. 

Data was collected from five sites on the opposite bank of the Thompson River. The locations of 

these sites were optimized based on experience from scans in the previous years in order to 

minimize poor incident angles. At each site, data was collected using a series of tiled boxes for 

the lower, middle, and upper portions of the slope, with overlap between boxes. This was done in 

order to achieve a more consistent point spacing over the entire height of the slope. The Optech 

scanning device requires the user to set an internal angle within the system to achieve a given 

point spacing at a given distance, and this angle does not change with distance. Therefore the 

point spacing is smaller than specified at the bottom of each box, and larger than specified at the 

top. By breaking the scan into separate boxes (Figure 4-2), we can specify a different angle for 

each box. An average distance and target point spacing are set for each box (Table 4-1) such that 

the overall difference in point spacing across the slope is minimized (maximum difference of 

0.041 m in the case of this scan site) compared to if a single scan box was used.  

In addition to the TLS data, high-resolution images were collected using a Nikon D800 

camera and a Gigapan Epic Pro robotic head (Lato et al. 2012). These images were stitched 

together such that known rockfall events could be located in the images. A set of photos taken in 

September 2013 were also available for creating a high resolution photogrammetric model of the 

slope, using PhotoScan (Agisoft 2015) and methods described by Tavani et al. (2014). This 

model could be used to manually classify the slope into areas of rock outcrop and areas of talus 

channels.  
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Figure 4-2: Comparison of TLS survey design in the White Canyon using a single scan box 
vs. multiple boxes to create a more even distribution of point spacing across a large slope 

 

Table 4-1: Scan distance and point spacing comparison for the case of multiple boxes shown 
with overlap 

 Box 1 Box 2 Box 3 
Specified Distance 600 m 500 m 400 m 

Specified Point Spacing 9.80 cm 10.0 cm 9.60 cm 
Scan Average Distance 545 m 420 m 344 m 

Point Spacing at Average 8.71 cm 8.40 cm 8.27 cm 
Point Spacing Range 7.09 to 11.21 cm 7.39 to 10.50 cm 7.37 to 9.47 cm 

 

4.2.2 TLS Data Processing 

Prior to the processing of data to extract rockfall information, data treatment took place, 

which included cleaning, alignment, and masking. The raw point clouds were manually cleaned 

using PolyWorks PifEdit (InnovMetric 2015) to remove heavily vegetated areas as well as 

individual trees on the slope.  

Following this, scans were aligned to a common coordinate system, using the data from 

November 2014 as a reference. In addition to aligning each of the 7 scans to the previous data 
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(Date Set 4 in Figure 4-3), we created three artificial datasets with fewer scans (Date Sets 1-3 in 

Figure 4-3). Additional sets scans were aligned to each other to mimic a scenario where scans 

were collected with longer durations in between, in order to investigate the effects of sampling 

period on the results of the automatic rockfall classification. In each case, scans were aligned to 

the previous date. For example, in Date Set 2, the scans from June 2015 were aligned to 

November 2014, and scans from February 2016 were then aligned to June 2015.  Because of the 

large size of the slope, the model was split into three sections. The alignment was performed 

using the IMAlign module of PolyWorks, first by manually picking three pairs of common points 

between the models, and then using an Iterative Closest Point (ICP) best-fit algorithm (Besl & 

McKay, 1992; Chen & Medioni, 1991). To improve the alignment, areas of known change 

(primarily talus channels) and areas of poor incidence angle in the upper slope were selected and 

ignored during the alignment process.  

 

 
Figure 4-3: Outline of the four date sets used for change detection and automatic rockfall 

identification including number of scans used and duration between scans 

 

The slope at the White Canyon is made up of complex features that contain both rock 

outcrops and talus channels, and analysis of change on the slope in previous years has shown that 

the talus channels behave differently than the areas of rock outcrop, as would be expected. In 
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areas of rock outcrop, individual blocks detach and move down the slope. In contrast, the talus 

channels often build up material which moves downslope over time. . Therefore, we manually 

masked out all areas of talus on the slope, such that the automated procedure for extracting 

rockfalls would not pick up any of the larger scale talus movement. This process was completed 

by classifying a model of the slope, made with photogrammetry, into areas of outcrop and talus, 

then extracting only the areas of outcrop. Following this, the model of outcrop areas was overlain 

on the aligned point clouds such that the same areas were masked in each cloud (Figure 4-4).  

 

Figure 4-4: Masking of non-outcrop areas using classified photogrammetry model to 
prepare model for automatic rockfall detection – a) TLS model, b) photogrammetric model, 
c) photogrammetric model classified by talus and outcrop, and d) TLS model with areas of 

talus masked out.  
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4.2.3 Analysis: Volume Extraction and Classification 

The processing of the TLS point clouds to extract rockfall information includes the following 

steps (Figure 4-5) which are described in detail in later sections: 

a) Change detection between the reference and comparison date.  

b) Filtering of change detection results using change threshold and merging of two models. 

c) Clustering of rockfalls using DBSCAN method (Ester et al. 1996). 

d) Calculation of rockfall volumes and block shapes. 

e) Final filtering to remove vegetation and unwanted edge effects. 
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Figure 4-5: Summary of methods used for automated rockfall detection and volume 
calculation.  

 

4.2.3.1 Change Detection and Noise Filtering 

The change detection process used is outlined in detail in Kromer et al. (2015a). 

Distances between point clouds were calculated along a slope dependent normal vector (Lague et 

al. 2013) and a spatial noise filter was applied to the raw distances (Abellán et al. (2009), Kromer 

et al. (2015a)).   
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In order to define both the front and back of each rockfall shape, this change detection is 

completed twice for each set of comparison dates (for example using Date A as a reference and 

Date B as the comparison cloud, and then using Date B as the reference and Date A as the 

comparison cloud). A detectable change threshold of 5 cm was set based on the results of the 

alignment between each of the point clouds for all of the dates that were considered. We then 

filter out any change less than +/- 5 cm such that the remaining product is a set of points 

containing clusters of points representing rockfalls and a small amount of residual outliers.  

 

4.2.3.2 Rockfall Identification and Volume Calculation 

The remaining points are separated into individual rockfall clusters using the DBSCAN  

algorithm in MATLAB (MathWorks 2015). A search radius of 0.3 m and minimum number of 12 

points were determined to be appropriate values for this slope and data density. Using a smaller 

search radius and fewer points caused the front and back portions of some rockfalls to be 

separated into two distinct clusters, while using a larger radius and number of points resulted in 

some small rockfalls being identified as noise.  

Using each cluster of points, the centroid of each rockfall can be identified and the 

volume of each block is calculated using the 3D alpha-shape method (Edelsbrunner and Mucke 

1994).  For each block, a unique alpha shape radius was set in order to minimize the presence of 

holes during the creation of the shape, which sometimes occur due to the complex geometry of 

the shapes (Figure 4-6). The radius was selected for each rockfall based on a relationship 

determined using the size of each rockfall. Taking advantage of the detailed set of 3D points 

making up each rockfall, we are able to calculate the short, long, and intermediate dimensions of 

each block and can add this shape information to our database of rockfall events.  
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Figure 4-6 Example of alpha shape used to calculate rockfall volume with a) holes in shape 
leading to underestimate of rockfall volume b) holes filled for more accurate volume 

estimate 

 

4.2.3.3 Rockfall Filtering 

To further separate rockfalls from the many small shrubs that exist on the slope and any 

leftover clusters of noise, we applied a threshold on the minimum volume and minimum number 

of points required to confirm a rockfall event, which are 0.01 m3 and 40 points. While it is 

possible to identify rockfalls smaller than this volume using the automated classification, it is not 

possible to distinguish these from many of the small bushes on the slope (which are difficult to 

completely remove from the data) without manually confirming the classification. To remove any 

residual noise  (mainly edge effects from the change detection algorithm), we remove rockfalls 

where the cluster is primarily made up of points with only negative or only positive change, and 

therefore does not form a complete rockfall shape. To account for differences in surface 

roughness before and after the rockfall, and the presence of occlusions in the data, this allowable 

ratio of negative to positive or positive to negative points is set to three.  
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4.3 Results 

 

4.3.1 Rockfall Frequency-Magnitude Curves 

The process described above was first applied to the dataset containing all of the 

available scans (Date Set 4) to distinguish as many individual events as possible, and the time 

period during which they occurred. Using all of the individual scans from Date Set 4 (seven scans 

total) we identified 1982 rockfalls from the six different interscan periods, ranging in volume 

from 0.01 to 44.8 m3. The frequency-magnitude curve (Figure 4-7) shows a good power law fit 

for volumes greater than 0.03 m3. The baseline level of rockfall activity for the 18-month period 

was 2.7 rockfalls per day (summer and fall months), with higher rates occurring in the spring (3.6 

per day) and winters (5.6 per day for winter 2014 and 5.9 per day for winter 2015).  

 
Figure 4-7: Frequency-magnitude results and rockfall rates  for Date Set 4 (making use of 

all available data) 
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4.3.2 Comparison of Sampling Periods 

The same analysis was completed for Date Set 1, Date Set 2, and Date Set 3, in order to 

compare the results of the automatic rockfall detection and classification, to simulate the situation 

where fewer scans were collected. The frequency-magnitude plot for all four date sets is shown in 

Figure 4-8, and from this it appears that the data from Date Set 4 (7 scans) plots slightly higher 

than the rest of the data for smaller volumes (meaning a larger number of rockfalls detected) and 

the data from Date Set 1 (2 scans) plots slightly lower than the rest of the data in the same area. 

However, there does not appear to be a significant difference between each of the datasets when 

plotted in this manner. If we compare the power law fit for each of these datasets, it is evident 

that there is also not a significant difference in the equation of best fit between the four datasets 

(Table 4-2), with α ranging from 43.07 to 44.98, b ranging from 0.98 to 1.01, and the R2 value 

ranging from 0.995 from 0.997. Both the α and b values increased slightly with an increasing 

number of scans, while the range of this fit increased to include rockfalls greater than 0.03 m3 for 

Date Set 3 and 4, compared to rockfalls greater than 0.04 m3 for Date Set 1 and 2.  

Upon looking more closely, we can identify some difference in the four datasets, 

however this difference does not significantly influence the frequency-magnitude relationship 

because these differences occur primarily in the “rollover” portions of the graph (small magnitude 

range) that are not fit by the power law. If we plot this data on a histogram (Figure 4-9) it can be 

seen that there is a significant difference in the number of rockfalls for each dataset for the lower 

volume ranges, with the trend showing that if fewer scans are included, less rockfalls are detected 

in these lower ranges. This can be interpreted as a result of several rockfalls occurring in the same 

area coalescing into one apparent rockfall when the change detection occurs over a long period of 

time. This is demonstrated by the example shown in Figure 4-10. This difference may be 
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significant for volumes less than 0.04, where the difference between Date Set 4 and Date Set 1 

ranges from 527 rockfalls for the 0.01 m3 bin to 246 rockfalls for the 0.03 m3 bin. There appears 

to be no significant difference in the data from Date Set 1 and Date Set 2 for rockfalls greater 

than 0.04 m3 and very little difference between all datasets (+/- 1 rockfall) for volumes greater 

than 0.05 m3.   

 

Figure 4-8: Frequency-magnitude plot for all date sets 

 

Table 4-2: Comparison of frequency-magnitude relationship power law equation and range 
of fit for the four date sets 

 Date Set 1 Date Set 2 Date Set 3 Date Set 4 

# of Scans 2 3 4 7 

A 43.07 42.34 44.20 44.98 

b 0.98 0.99 0.10 1.01 

R2 0.997 0.995 0.995 0.996 

Range of Fit 0.04 m3 and above 0.04 m3 and above 0.03 m3 and above 0.03 m3 and above 
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Figure 4-9: Histogram of rockfall frequencies comparing the four date sets. Inset shows the 
same data with different scale for number of rockfalls.  
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Figure 4-10 a) Change detection for a small section of track at Mile 94.6 between 2014-11-11 
and 2016-02-15 (Date Set 1) showing many rockfall events clustered together b) Individual 

rockfall events identified using Date Set 4 in the same section, coloured by date. 
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4.3.3 Sampling Periods Based on Weather 

When analyzing the listed causes of historical rockfalls along major railroads in Western 

Canada, 70% of events were noted to have occurred during periods of heavy precipitation and 

frequent freeze-thaw cycles (Wylie and Norrish 1996). Specifically in the Fraser Canyon, records 

have shown that rockfalls most frequently occur between October and March (Peckover 1975). 

We created an additional artificial dataset based on logical changes in the weather patterns of the 

area, which is herein denoted as Date Set W, to understand how the results would be affected if 

the scans were collected between seasonal changes, which may provide insight as to how the 

scheduling of scans cold be better optimized These dates are shown alongside temperatures 

recorded at the Lytton weather station (Government of Canada 2016) during the study period 

(Figure 4-11). For this dataset, we included scans taken in October and November (before 

freezing), as well as March, as these dates marked periods of time that had frequent freeze thaw 

cycles (winter) and periods where the temperature was consistently above zero (no freeze thaw 

cycles). We included a mid-winter scan from February 2015 in order to minimize the effects of 

any overlapping events at the same location over the winter, since it is known that the rockfall 

frequency is high during this period. The results of the rockfall detection for this additional 

dataset (5 scans) are shown alongside the results from Date Set 3 (4 scans) and Date Set 4 (7 

scans) in Figure 4-12. From this, it can be seen that the results are very similar to Date Set 3 and 

that the results are the same as both Date Set 3 and Date Set 4 for rockfalls greater than 0.05 m3. 

However, there is still a difference in the results compared to if the maximum number of scans 

were included.  
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Figure 4-11: Lytton temperature data  between 2014-11-11 and 2016-02-16 indicating scan 
dates used for Date Set W 

 

 

Figure 4-12: Histogram of rockfall frequencies comparing Date Set W to Date Set 3 and 4 
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4.3.4 Rockfall Block Shapes 

Using the dimensions of the blocks that were extracted during the automated rockfall 

detection, we organized the rockfalls into the classes outlined by Sneed and Folk (1958) which 

contain three endmembers: compact (cubic), platy (tabular), and elongated (rod shaped). These 

shapes are defined by the ratio of short to long and short to intermediate axis lengths of the 

particle, where a, b, and c represent the long, intermediate, and short axis lengths. These 

dimensions may be subject to some bias as we are only  measuring the shape from a specific line 

of sight. Plots of the shape distributions for various volume ranges are shown in Figure 4-13 with 

examples of the three end member shapes in Figure 4-14, Figure 4-15, and Figure 4-16. A 

histogram of the percentage of each shape per volume range is also included. From this it can be 

seen that for smaller magnitude rockfalls, there is a much higher percentage of rockfalls that fall 

into the cubic category, and this percentage decreases as volume increases. For the larger volume 

rockfalls, there is a larger range in the shapes of blocks compared to smaller ones. Generally, 

there are very few rockfalls that fall into the VP (very platy), VB (very bladed) and VE (very 

elongated) categories near the bottom of the chart, which is likely a result of a high degree of 

fracturing in the rockmass, preventing these shapes from occurring. It may also be possible that 

some of the larger rod and tabular shaped rockfalls may be the result of several small blocks 

making up one single event, but appearing as one due to the elapsed time between successive 

scans. Upon closer inspection of the rockfalls that were classified as very platy (tabular) in the 

change detection data and in photos, it appears that many of these events may have been a mass 

of talus-like material sliding down the slope as opposed to being the result of the detachment of a 

solid block of rock that fell.  
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Figure 4-13 a-d) Plot of rockfall block shapes for various ranges of rockfall volumes e) 
histogram showing percentage of rockfalls within each shape class for each volume range 
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Figure 4-14: Example of 0.20 m3 rockfall with compact/cubic block shape 

 

Figure 4-15: Example of 2.49 m3  rockfall with tabular/platy block shape 
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Figure 4-16: Example of 0.16 m3  rockfall with elongated block shape 

4.4 Discussion 

The frequency-magnitude relationship for this rockfall dataset produced a b exponent of 

1.01 with a good power law fit for volume ranges from 0.03 m3 up to 45 m3 (maximum volume 

detected). This range of fit captures rockfall volumes smaller than the previously described 

studies (Table 4-3), with a better fit, suggesting that our careful survey planning and rigorous 

processing techniques allow us to consistently and accurately identify small rockfalls on the 

slope. The b value of this dataset is slightly higher than the previous studies.   This observation 

may be attributed to the relatively small range of volumes identified over the 15 month period (no 

failures over 50 m3), the ability to detect much smaller rockfalls than some of these other studies, 

or the geological setting of the slope.   
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Table 4-3: Comparison of frequency-magnitude relationship for rockfalls detected using 
TLS compared to this study 

Study Methods b 
value Range of Fit R2 

Santana et al. 

(Artificial Data) 
Automated based on rockfall 

scars 0.92 0.25 to 1000 m3 0.987 

D’Amato et al. 

(3 years) 
Automated based on joint planes 0.75 0.1 to 100 m3 0.99 

Guerin et al. 

(3 years) 
Manual detection 0.69 0.2 to 100 m3 0.983 

Carrea et al. 

(2 years) 
Automated detection 0.68 0.1 to 4 m3 0.973 

White Canyon 

(15 months) 
Automated detection 1.01 0.03 to 45 m3 0.996 

 

Based on the comparison between the real datasets and the artificial datasets created with 

fewer scan dates, it is evident that the highest level of detail can only be obtained using the 

maximum number of available scans, and that there is some degree of overlap between events as 

the duration between scans becomes larger. As rockfalls begin to overlap, the calculation of their 

volume and centroid will also become less accurate.  The railways can use this information to 

determine what level of detail, and therefore frequency of scanning, is appropriate for their 

analysis. While it may be possible to identify all individual events greater than a given magnitude 

with only one or two scans a year, a record of all events, or better knowledge of the frequency of 

events is only available with a larger number of scans.  

However, if constrained to fewer data collection campaigns, separating the winter and 

summer seasons may be a logical decision, as the rates of rockfall activity decrease during the 

summer months. The frequency of events is high during the winter, and it is possible that there 
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may be overlap of events during the winter months that we have been unable to capture in this 

study. An additional dataset from the winter months may help to better understand the high 

number of events occurring during this period,  however the operation of the scanner in cold 

weather and decreased quality of data on wet and snow-covered slopes may not permit this. 

While it may be possible to obtain a complete record of all the events occurring on the slope with 

a few scans per year, more frequent, scans may help to better characterize the true frequency of 

events, which may be useful in predictive studies, or in correlating rockfall activity to triggering 

factors such as precipitation, freeze-thaw cycles, and seismic events.   

In calculating the rockfall volumes, we selected a unique alpha-radius based on the 

maximum amount of change that occurred within each block. This is done in order to minimize 

the number of holes within the shape due to insufficient data density, or occlusions in the data, 

which are especially common in rockfalls originating from the large vertical spires in White 

Canyon. Any remaining holes in the rockfall shape may lead to an underestimate of rockfall 

volume, while using too large of a radius may cause an overestimate of volume. For a sample set 

of manually selected rockfalls, the average difference in volume using a manually selected, 

optimal alpha-radius for each rockfall, compared to the automatically selected one was 0.02 m3 

for rockfalls less than 0.5 m3, 0.17 m3 for rockfalls between 0.5 and 0.1 m3, and 2.13 m3 for 

rockfalls between 1 m3 and 26 m3. While these differences may appear to be significant, Olsen et 

al. (2015) performed a study to investigate the effects of hole-filling in the 3D data prior to the 

detection of rockfalls and subsequent volume calculation and found that hole filling may not have 

a significant effect on the overall frequency-magnitude relationship. While they found the hole 

filling process useful in capturing larger rockfall events that were split into two by occlusions, we 

have not identified this as a problem in our datasets. The accuracy of the computed volumes may 
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also be affected by the shape of the block, as we are using a threshold of 5 cm for the change 

detection, therefore removing a small amount of data from the outer edges of each block. 

Therefore, blocks with a larger surface area (platy and elongated blocks) may have a larger 

volume area than those that are cubic. From a hazard or risk assessment perspective these volume 

errors may not be significant, as the ability to calculate the approximate volume of rockfalls based 

on the actual source zone and model shape in itself provides a much higher level of detail 

compared to the process of estimating the volume from rockfall scars or debris from track level.  

In addition to the frequency-magnitude relationship for the slope, this method of rockfall 

detection can provide additional information that may be useful in hazard analysis for the railway, 

including an understanding of where and when events are occurring across the large slope, in 

order to plan for maintenance activity, such as ditch clearing, or to design new mitigation or 

hazard management systems. The incorporation of rockfall block shape in the calculation is a 

simple addition to this process that can be used as input for rockfall modeling. The runout 

distance, rockfall velocity, and point at which the rockfall movement transitions from bouncing to 

rolling are all influenced by rockfall block shape (Petje and Mikos 2005). As demonstrated by 

Kim Huyn et al. (2015), rock shape can influence the direction of rockfall trajectories using 3D 

modeling software. While is it not usually possible to determine the ending location of a rockfall 

event detected from the remote sensing data, given the known location of the rockfall source 

zone, the rockfall volume, as well as a basic idea of the rockfall block shape, it may be possible to 

model a set of known events, in order to determine the likelihood that these events make it to 

track level, and where they may end up, which can be of use to the railway, as the amount of 

rockfalls reaching track level is important for hazard assessment.  
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4.5 Conclusions 

The use of TLS, careful survey design and processing, and a semi-automated analysis 

allows us to identify rockfall events on large slopes, where track-level data collection may not 

permit such detailed information to be collected. Using seven TLS datasets we are able to identify 

rockfalls for which  the frequency-magnitude relationship can be fit by a power law for volumes 

greater than 0.03 m3. In creating artificial datasets to represent longer duration scanning periods, 

we demonstrate that increasing the duration between scans can affect the rockfall detection, as 

rockfalls begin to overlap spatially over time, and that these effects are the most significant for 

the smaller volume rockfalls. We also demonstrate that the distribution in rockfall block shapes 

changes depending on rockfall volume, and this can be a useful addition to rockfall modeling. 

Ultimately, we are able to provide an improved definition of the rockfall hazards on this slope 

when compared to the records that currently exist.  
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Chapter 5: Analysis of Rockfall Patterns and their Relationship to 

Triggering Factors using Terrestrial LiDAR and Classification of 

Photogrammetry Data 

5.1 Introduction 

The CN Rail line in Western Canada runs along the base of many hazardous slopes as it 

traverses the Thompson and Fraser River valleys. Rockfalls rates in mountainous areas are 

generally the highest during spring melt and wet autumn seasons (Selby, 1993). Wylie & Norrish 

(1996) identified that 70% of rockfalls along a stretch of major railroad in Western Canada 

occurred during times of heavy precipitation, prolonged freezing, and during spring freeze-thaw 

cycles. In the Fraser Canyon in British Columbia, rockfalls are the most frequent between 

October and March (Peckover, 1975). The presence of water within discontinuities of the 

rockmass and the geological properties of the rock are the two most significant factors affecting 

failure. Therefore, the lithology of the rockmass, along with the presence of triggering factors 

may affect the rockfall rate on a slope, especially in rock units that are highly weathered 

(Higgins & Andrew, 2012; Lan et al., 2010).  

The rockfall frequency-magnitude relationship can defined by the equation: 

 

f(V) = αV-b 

 

where f(V) is the cumulative number of rockfalls of a given volume, V. The α and b parameters 

are constants. The α value is slope dependent, and differs based on the local erosion rate. Some 

have suggested that the b value is independent of geological conditions (Dussauge-Peisser et al., 
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2002) whereas others have suggested that the b value increases for more jointed rockmasses 

(Hungr et al., 1999).  

The frequency-magnitude relationship of rockfalls is an important component of rockfall hazard 

assessment which can be evaluated through the use of a rockfall database. In the case of the CN 

Rail Rockfall Hazard Rating System (RHRA), this relationship can be used to determine the 

probability of certain dimension rocks reaching the tracks, which is an input to the rating system 

(Bruce Geotechnical Consultants, 1997). The current RHRA relies on field mapping by 

geological and geotechnical engineers to collect information to input into these databases. These 

types of evaluation require railway personnel to be directly exposed to the hazard and are subject 

to personal bias, which may lead to inconsistent records (Lato et al., 2011). Many historical 

rockfall inventories are incomplete compared to other types of geohazards (Dussauge et al., 

2003).  

The use of terrestrial laser scanning (TLS) for performing change detection, to identify 

and quantify rockfalls, has been well developed (Lim et al., 2005; Rosser et al., 2005; Abellán et 

al., 2011; Santana et al., 2012, D’Amato et al., 2013). This process can be automated to identify 

a large number of rockfalls on a given slope with volumes as small as 0.001 m3 (Tonini & 

Abellán, 2014; Carrea et al., 2015; Janeras et al., 2015) and can be used to define the frequency-

magnitude relationship, over time. Recently, the use of photogrammetry data for performing 

change detection, similar to what has been done with TLS, has shown successful results. While 

photogrammetry provides the advantage of a fully coloured three-dimensional model, the 

precision of these models is on the order of 10 to 20 cm, compared to terrestrial LiDAR which is 

a few cm (Gauthier et al., 2015).  
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5.1.1 Study Objectives 

In this study we apply the techniques discussed in Chapter 4 to characterize rockfalls in 

the White Canyon for a 30-month period. We demonstrate how photogrammetry data can be used 

to classify the slope into different geological units in order to relate rockfall events to their source 

zone lithology. Using these data we can build an understanding of how rockfall rates vary across 

the slope based on their lithology, and how the frequency-magnitude relationship of the rockfalls 

is affected by geology. We also explore how this data relates to rockfall triggering factors and 

how an understanding of rockfall source zone lithology can be used to better establish this 

relationship.  

 

5.1.2 Study Site 

The White Canyon is located on the eastern border of the Coast Mountains near Lytton, 

British Columbia (Figure 5-1). Low annual rainfall and dry summers are characteristic of this 

area, with maximum temperatures ranging from 35 to 40 ̊C. The winters in this area are generally 

short and mild, with maximum precipitation occurring in the late autumn and early winter. A 2.2 

km long section of the CN Rail line runs along the base of the canyon and is protected by several 

rock sheds. Hazard management systems at the site also include mesh attenuators and a rockfall 

warning fence.  

The primary lithology in the canyon is a well-foliated and moderately deformed 

quartzofeldspathic gneiss which has been metamorphosed to amphibolite facies. Folding in the 

area is minimal. This unit contains smaller amphibolite bands which are not easily recognized on 

all areas of the slope due to the rusty staining and high degree of weathering on outcrop surfaces. 

Granodiorites of the Mt. Lytton Batholith are present on the far West side of the canyon which 
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contain well-developed joints and in some areas display red staining from the overlying chert-

pebble conglomerate (not seen in the canyon) which is heavily stained by hematite. Within the 

canyon, dioritic intrusions and tonalite dykes related to the Mt. Lytton Batholith are present and 

are massive to weakly foliated with common copper staining (Duffel & McTaggart, 1952; Brown, 

1981). Examples of each of these units within the canyon are shown in Figure 5-2.  

 
Figure 5-1: Map of the White Canyon area with simplified geology (adapted from Brown, 

1981) 
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Figure 5-2: a) Photogrammetry model of the White Canyon using photos taken on 
September 11th 2013 b-e) Examples of each of the four lithological units in the White 

Canyon (b)Mt. Lytton batholith, c) quartzofeldspathic gneiss with amphibolite banding, d) 
dioritic intrusions, and e) tonalite dykes) 

 

5.2 Methods 

5.2.1 Remote Sensing Data Collection 

TLS data was collected from sites on the opposite bank of the Thompson River using an 

Optech ILRIS 3D scanner with enhanced range capabilities. Data was collected on five dates 

between November 2013 and November 2014 (Figure 5-3). The approximate point spacing for 

these datasets ranged from 0.08 to 0.22 m.  During the fall of 2014, the data collection protocols 

were updated to include optimized survey locations and parameters, such that higher resolution 
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data in the upper slopes, with a more consistent point spacing, was collected. Between November 

2014 and May 2016, an additional eight scans were collected (Figure 5-4) using these optimized 

methods, with point spacing ranging from approximately 0.07 to 0.11 m. Therefore, a total of 

thirteen scans (twelve interscan periods) were available for analysis.  

 

 

Figure 5-3: Timeline of TLS scan dates in 2013 and 2014 

 

 

Figure 5-4: Timeline of refined quality TLS scan dates from November 2014 to 2016 

A set of 94 photos was taken on September 11th 2013, for use in creating a 

photogrammetry model of the West half on the canyon. The photos were collected using a Canon 

6D digital SLR camera with a 50 mm lens and a GPS receiver.  

 

5.2.2 Data Processing – LiDAR 

The TLS data was processed using PolyWorks (InnovMetric, 2015) and the methods 

outlined in Chapter 3. The scans were manually cleaned to remove heavy vegetation, areas of 

soil, and individual trees on the slope using PolyWorks Pifedit. A reference model of the canyon 

was created using the November 2014 dataset, as this was the first dataset available with a 

consistent point spacing across the slope. Each of the scan boxes were aligned to the 2014 model, 
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and therefore to the local coordinate system using point-pairs picking followed by a best fit ICP 

alignment (Besl & McKay, 1992) in the IMAlign module of PolyWorks. Finally, a single point 

cloud for each section and each date was created for use in change detection.  

 

5.2.3 Data Processing – Photogrammetry 

A photogrammetric model of the slope was created using PhotoScan Pro (Agisoft, 2015) 

using the processes outlined by Tavani et al. (2014). This produced a coloured, 3D point cloud 

with an average point spacing of 0.04 m. Using the classification tool in PhotoScan, each of the 

different lithological units outlined above could be traced on the model, to create a fully 3D 

geological model of the slope (Figure 5-5).  

The photogrammetry model was scaled and aligned to the same local coordinate system 

as the TLS model using CloudCompare (CloudCompare, 2015). This was done by manually 

selecting several pairs of common points (spread across the entire slope) between the two models 

for a rough alignment followed by a best fit ICP alignment. While slightly more time consuming, 

this process was performed in CloudCompare instead of PolyWorks (used for TLS alignment) in 

order to scale the model and to preserve the colour and lithology classification of the 

photogrammetry cloud. 

This classified, scaled, and aligned model was projected into ArcGIS (Esri, 2015) in 

order to calculate the surface area of each lithology on the slope (Table 5-1) such that the relative 

rockfall rates in each unit could be determined.  
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Figure 5-5: Classification of photogrammetry model into lithological units 
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Table 5-1: Calculated areas of each lithology based on photogrammetry classification 

Unit Area % of Total Area 

Gneiss (with Banding) 166 000 m2 74% 

Mt. Lytton Batholith 25 000 m2 11% 

Dioritic Intrusions 20 000 m2 9% 

Tonalite Dykes 14 000 m2 6% 
 

5.2.4 Analysis: Rockfall Detection and Classification 

Rockfalls were identified using the semi-automated process outlined in Chapter 4, which 

consists of performing change detection, filtering of data, clustering rockfalls, and calculating 

their volumes, centroids, and block shapes. We then assigned a source zone lithology to each 

rockfall by relating the rockfall centroid to the classified lithology model. While the amphibolite 

bands were mapped separately, we classify these rockfalls as belonging to the quartzofeldspathic 

gneiss, as the size of these bands is smaller than many of the rockfalls occurring on the slope, and 

the bands are not entirely recognizable in all areas of the slope due to heavy weathering and 

surface staining.   

We performed this analysis for all 12 interscan periods, however due to the lower quality 

of the data prior to November 2014, we only performed detailed frequency-magnitude analysis 

using the newer data. We use the results of the rockfall analysis for the older datasets as a 

comparison dataset for the triggering factors analysis.  
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5.2.5 Analysis: Weather Data 

Weather data for the Lytton area was obtained from the Environment Canada Climate 

Archive (Government of Canada, 2016). The Lytton area archive contains data from six different 

weather stations, which have been intermittently operational over the past 40 years. From this 

data we are able to determine the daily precipitation for the area, as well as the number of freeze 

thaw events during a given scan interval. We define the number of freeze thaw events as the 

number of days during which the temperature crossed zero. Given the available data, it was not 

possible to determine whether there were multiple cycles in any given day.  

 

5.3 Results 

5.3.1 Rockfall Frequency-Magnitude 

For the period between November 2014 and May 2016 we identified 2214 rockfalls 

ranging in magnitude from 0.01 m3 to 44.8 m3. The data shows a good power law fit (R2 = 0.997) 

for volumes greater than 0.03 m3, with a b exponent of 0.96 (Figure 5-6).  The baseline level of 

rockfall activity for this period is 2.6 rockfalls per day, with the maximum rockfall frequencies 

occurring over the two winter periods (5.6 and 5.9 rockfalls per day). As many risk assessment 

frameworks take into account the yearly rockfall rates, we have converted these daily frequencies 

into an equivalent yearly frequency for each time period (Table 5-2).  

A frequency-magnitude plot for the rockfalls of each lithology was created separately 

(Figure 5-7) to understand how the rockfall rates may vary. From this we can see that the 

quartzofeldspathic gneiss consistently produces the most rockfalls followed by the batholith, 

which is expected, as these units are the first and second most abundant on the slope. For small 

volume rockfalls, the dykes produce more than the intrusions, whereas for large rockfalls, the 
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intrusions produce more than the dykes. Each of these individual curves can be fit by a power 

law, however the quality of the fit for each unit is not as high as it is for the overall slope 

frequency-magnitude curve. To compare the relative frequency of rockfalls in each unit, we 

normalize the rockfall frequencies by area (Figure 5-8). From this it can be seen that the batholith 

produces the most rockfalls per unit area. Upon visual inspection of the slope, it appears that this 

unit is the weakest (stained, highly weathered, highly fractured) which causes it to produce a 

higher number of rockfalls relative to the other units. The intrusions show a much lower 

frequency per unit area, suggesting that their lack of structure compared to the other units may 

limit the number of potentially unstable blocks.   

We then compare the rockfall frequencies for each lithology by date period (Figure 5-9). 

Each of the four units show different temporal patterns, suggesting that each may be affected 

differently by triggering factors. The rockfalls originating from the batholith appear to be much 

more frequent during the winter periods (at least 47% greater than other units), whereas the dykes 

follow much less of a seasonal pattern. The quartzofeldspathic gneiss and the intrusions show the 

same pattern of high frequency in the winters, decreasing during the spring, and the lowest 

frequency during the summer months. Both of these units show less seasonal variability than the 

batholith and the dykes. As we only have data for a short time period and few seasons, these 

trends may be subject to sampling bias. The equivalent yearly frequencies for each of these units 

is shown in Table 5-3.  
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Figure 5-6: Overall rockfall frequencies and frequency-magnitude plot for rockfalls from 
November 2014 to May 2016 in White Canyon West 

 

Table 5-2: Equivalent yearly rockfall frequencies for each scan period in a slope area of 0.2 
km2 

Scan Period A B C D E F G 

Rockfalls/day 5.6 3.6 3.6 2.7 2.7 5.9 3.5 

Equivalent 
Yearly 

Frequency 
2036 1316 1319 970 969 2142 1282 
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Figure 5-7: Frequency-magnitude plot for rockfalls separated by lithologies 

 

 

Figure 5-8: Normalized Frequency-magnitude plot for rockfalls separated by lithology 
(normalized by surface areas of each lithology)  
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Figure 5-9: Rockfall frequencies normalized by area for each lithology by time period 

 

Table 5-3: Equivalent yearly rockfall rates for each scan period and lithology for White 
Canyon West 

Equivalent 
Yearly 

Frequency  
A B C D E F G 

Gneiss 1486 1085 1022 725 700 1476 908 

Mt. Lytton 
Batholith 323 19 107 120 120 413 187 

Tonalite 
Dykes 105 154 156 96 72 147 106 

Dioritic 
Intrusions 120 58 34 29 78 106 82 
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5.3.2 Short Term Triggering Factors 

Given that the rockfall rates vary temporally, we compare them to precipitation and 

freeze thaw events to understand how these factors may trigger rockfalls during different times of 

the year. To better visualize this correlation, we show the rockfall rates ranked in order of 

decreasing frequency (instead of in chronological order). If we compare the overall rockfall 

frequencies to weather (Figure 5-10) it appears that there is not a direct correlation between either 

precipitation (mm/day) or number of freeze thaw cycles per day to the rockfall frequency in each 

period. If we separate the rockfalls by lithology (Figure 5-11) we can demonstrate that each 

lithology may be affected differently by triggering factors. The rockfall frequency in the 

quartzofeldspathic gneiss generally correlates to increased freeze thaw activity while the batholith 

and intrusion rockfalls correlate better to precipitation rates. While these correlations are better 

than the correlation between the overall frequency and weather patterns, each relationship 

contains outliers. The frequency of rockfalls within the dykes do not show the highest rates with 

an increase in either precipitation or freeze-thaw. Given these results, it is possible that the 

rockfall patterns may be affected by more long-term climate patterns as opposed to short term 

periods. 
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Figure 5-10: Ranked overall rockfall frequencies compared to precipitation  and freeze-

thaw events for each time period 
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Figure 5-11: Ranked rockfall frequencies for each lithology compared to precipitation and 
freeze-thaw events for each time period. Scan periods are ranked in order of decreasing 

rockfall frequency to better visualize relationship to weather.  
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5.3.3 Long Term Triggering Factors 

If we add the additional rockfall data available from the 2013 and early 2014 scans 

(Figure 5-12), we can compare the rockfall patterns over a longer duration of time to better 

understand the effects of triggering factors on the rockfall frequencies. The rockfalls from the 

earlier datasets show a much lower rockfall rate than the data from November 2014 onward. If we 

compare this to the weather that corresponds to our winter scanning periods (November to mid-

February, Figure 5-13) it is apparent that the 2013-2014 winter season showed the lowest amount 

of total precipitation than any winter in the past 20 years. This suggests that the low rockfall 

frequencies are the result of a much drier than normal winter.  

We can then look at the precipitation data for each month of the year individually (Table 

5-4) to understand if the lower rockfall frequencies during the spring and summer of 2014 are 

affected by the weather during the previous winter. The spring and summer of 2014 and spring 

and summer of 2015 (March to September) both showed mostly below average rainfall, however 

the rockfall rates in 2015 were much higher, demonstrating that the winter weather likely affects 

the overall rockfall frequency for the duration of the year.  

If we compare the number of freeze thaw events that occurred during each of the winter 

scanning periods, the number of events during each winter was either at or below the historical 

average (Table 5-5), except for January 2014 and January 2015 where there was an above average 

number of freeze-thaw events. The number of events did not vary much over each of the winter 

seasons (47 events in 2013-2014, 51 events in 2014-2015, and 44 in 2014-2015) therefore we can 

conclude that precipitation may be a better index to use when forecasting the overall rockfall 

frequencies on this slope. It is possible that freeze-thawing may have contributed to many of these 
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rockfall events, however this likely would have depended on the structural conditions of the 

rockfall source zone as well.  

Finally, we compare the frequency of each source zone lithology for the extended dataset 

(Figure 5-14). From this we can see that the rockfalls originating from the batholith are affected 

by precipitation more than the other units (much higher rates than other units in winter 2014-2015 

and winter 2015-2016) and that the dykes do not appear to be affected by the changes in 

precipitation. Again, both the quartzofeldspathic gneiss and the intrusions show the lowest 

variation in rockfall frequencies over the course of a year. Given that only 2.5 years of scan data 

is available, additional future datasets will be used to better understand how these trends change 

from year to year. A multi-variant approach could also be taken, considering multiple factors in 

developing a relationship between weather and rockfall frequency   

 

 
Figure 5-12: Rockfall frequencies for all data from November 2013 to May 2016 
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Figure 5-13: Winter precipitation (November to mid-February) for Lytton area 

 

Table 5-4: Percentage difference in monthly precipitation vs. historical monthly averages 
for 2013 to 2016 

% Difference Jan Feb Mar April May June July Aug Sept Oct Nov Dec 

Average (mm) 64.1 45.2 32.7 19.3 18.2 18.8 14.4 22.9 27.3 37.2 65.4 67 

2013 -13 -84 -28 +12 +66 +166 -33 -38 +1 -73 -50 -87 

2014 -56 -24 -27 -51 -89 -78 +5 -43 -1 +55 -29 +26 

2015 -21 +77 -58 -93 -41 -43 -61 +37 0 -19 -9 +26 

2016 +44 -25 +110 -69 -5        
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Table 5-5: Monthly number of freeze-thaw events vs. historical average number of monthly 
events for 2013 to 2016 

 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

Average 13.04 15.44 10.26 3.07 0.07 0 0 0 0 1.76 9.20 12.36 

2013 14 13 6 1 0 0 0 0 0 2 8 11 

2014 18 8 10 3 0 0 0 0 0 0 6 12 

2015 22 11 7 3 0 0 0 0 0 0 6 13 

2016 12 13 4 0 0        

 

 

Figure 5-14: Rockfall frequencies per unit area  for each lithology from November 2013 to 
May 2016 
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5.4 Discussion 

The rockfall frequency-magnitude relationship for this dataset (periods A to G) shows a 

good power law fit for volumes 0.03 m3 and greater, with a b value of 0.95. This value is within 

the upper range of b values that have been identified for existing databases which have been 

shown to range from 0.6 to 1.0 (Hungr et al., 1999; Dussauge-Peisser et al., 2002). Hungr et al. 

(1999) outlines that larger slope values may be related to more highly jointed metamorphic and 

igneous rocks (which are present in the canyon) compared to lower values for a more massive 

rockmass, which produce a larger proportion of large-volume structurally controlled rockfalls.  

In terms of relative rates of rockfall frequencies, the batholith shows a higher frequency 

per unit area compared to the other units. This can be attributed to the fact that this unit is more 

highly weathered and likely has a lower strength than each of the other units. This also may be 

due to the fact that our dataset of 18 months includes two winters, and this unit seems to be more 

likely to fail over the winter months. Given the knowledge that this unit tends to fail frequently in 

the winter, and the fact the slope is close to vertical in the area where this unit is contained, the 

railways should plan their maintenance activity to ensure that the ditches in this area are cleared 

prior to the winter season beginning, and should monitor the capacity of the ditches more closely 

over the winter months. The dykes generally show a lower rockfall frequency per unit area. Upon 

visual inspection, these units appear slightly more massive and less weathered than the gneiss, 

batholith, and sometimes the intrusions, which may lead to a decreased rockfall frequency.  

Based on the weather analysis, we demonstrate that the winter precipitation affects the 

overall rockfall frequency for the duration of the year, and therefore the railway can use the 

winter weather patterns to estimate how active the slope may be over the spring and summer 
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months, as opposed to only evaluating the rockfall likelihood on a day by day basis, as suggested 

by Macciotta et al. (2015).  

The rockfalls generally did not show a good correlation to freeze-thaw activity, which 

may be due to the fact that few rockfalls on the slope are controlled by large-scale structure, and 

therefore are less likely to be affected by freeze-thawing activity over time. As Hungr et al. 

(1999) outline, this lack of large-volume, structurally controlled rockfalls is characteristic of 

datasets where the frequency-magnitude b exponent is large. McCauley et al. (1985) outline that 

in some areas, there is not enough variability in temperature or the time span of the temperature 

changes are not significant enough to complete a full freeze-thaw cycle, therefore they may not 

have as large of an effect on rockfall activity on some slopes. The canyon is generally mild during 

the winters, therefore this may be true for our study area. For example, in the winter of 2015, on 

days which there was a freeze-thaw event, the difference between the maximum and minimum 

temperature was only 5.7 degrees Celsius. The South-facing nature of the Canyon may also 

present slightly different climate data than the data being recorded at the Lytton station.  

The precipitation over the past two winters was just above the historical average, 

therefore the rockfall frequencies we have seen over the past 18 months are likely close to the 

normal rate of rockfall activity, whereas the data from 2013 to early 2014 is likely representative 

of the lower rockfall frequency that could be expected for this slope. Given the lower quality of 

the data from these datasets, it is possible that there are rockfalls occurred but were not detected 

for these dates, however we expect that the number of missing events is no more than 20-30%, 

based on the amount of slope area with lesser quality data.  

One additional application of these results is in the failure prediction of individual rock 

blocks. Kromer et al. (2016) have shown that rockfalls are preceded by deformation prior to 
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failure.  If we accumulate enough rockfall incident data, we may be able to build up a database of 

events and their associated pre-failure deformation to determine a deformation threshold, prior to 

the failure of a block of a given size. Given our knowledge of which units are more strongly 

affected by triggering factors, we may be able to use this as an additional means of identifying 

when an already identified deforming block may be likely to fail, given its lithology.  

Given the density of our data collection (one scan every one to four months) it is difficult 

to correlate rockfalls to individual rainfall events, in terms of both duration and intensity. High-

frequency scanning during the late fall or late winter, when it is warm enough to permit scanner 

operation, may be useful for evaluating this relationship. Data over a larger period of time 

(several more years) may help to confirm the long-term weather patterns.  

It may have been possible to complete this rockfall detection and classification using 

exclusively photogrammetry data, had more photogrammetry datasets been available. However, 

the TLS data has a higher precision and the alignment between models is good enough that it 

allows us to detect smaller changes than would be possible using photogrammetry, therefore we 

can capture more rockfall detail using TLS.  

We also completed the same type of block shape analysis as in Chapter 4 and compared 

the results for each lithology, however they were somewhat inconclusive. These results are 

provided in Appendix A. 

 

5.5 Conclusions 

In this study we demonstrate that classified photogrammetry data can be used in 

combination with TLS to understand the frequency-magnitude relationship of rockfalls in the 

White Canyon, and that the geological conditions of the slope affect the rockfall rates. We show 
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that the rockfall rates vary with geology and that each lithology on the slope is affected 

differently by precipitation and freeze-thaw events. This knowledge of which units produce 

rockfalls more frequently, and during which times of the year, can be useful in planning railway 

maintenance activities.  In general, the results suggest that we can use winter precipitation rates to 

estimate the overall spring and summer rockfall rates for the following year. However data with 

higher temporal resolution is required to relate rockfall events to individual storms for use in 

more short-term forecasting.  
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Chapter 6: Discussion of Results and Comparison to Existing Datasets 

This chapter provides further discussion of the results presented in Chapter 4 and Chapter 

5 and how they may be useful in railway geohazard management. The results are then compared 

to existing rockfall databases and monitoring results for the same area.  

 

6.1 Rockfall Frequency-Magnitude Results 

The frequency-magnitude relationship for our database of rockfalls over 18 months 

(November 2014 to February 2016) is well-fit by a power law for volumes greater than 0.03 m3 

(R2 of 0.997) with a b exponent of 0.96. These results (sample of database entries in Appendix B) 

can be compared to numerous other published studies, for both historical rockfall inventories, and 

rockfall inventories created using TLS (Table 6-1). This range of fit (0.03 to 45 m3) includes 

rockfalls with a smaller magnitude than any of the comparator studies, suggesting that our refined 

survey design and processing methods allow us to consistently identify these small volume 

rockfalls while other methods may not. The b exponent for our dataset is within the upper range 

of published values, which range from 0.40 to 1. In general, these studies show a larger exponent 

for inventories created using TLS datasets. The improvement in identifying smaller volume 

rockfalls with TLS compared to these historical datasets likely contributes to this higher rate of 

smaller rockfalls relative to large ones for the LiDAR datasets, leading to a larger b exponent 

(from the power law equation for defining the frequency-magnitude relationship, f(V) = αV-b). 

Our b value of 0.96 for a highly fractured and foliated rockmass is similar to the value published 

by Santana et al. (2012) for rockfalls in highly fractured granodiorites. This suggests that the 

hypothesis of Hungr et al. (1999), which is that more fractured rocks produce a larger b value, 

may be valid. While the dataset published by Rousseau (1999) also shows a high b value of 1, 
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their dataset only spans 1.5 orders of magnitude, and the upper and lower bounds on rockfall 

volumes not known. It is expected that should our database be expanded to include several more 

years of data and a larger range of volumes (perhaps including larger volume events) then the b 

exponent may decrease.    

Based on the results presented in Chapter 4, we demonstrate that the duration between 

scan periods can have an effect on the frequency-magnitude relationship for small volume ranges. 

If several events occur in the same location between two scans, they will appear as one event 

during the process of rockfall identification. Given the high rockfall rates during the winter 

months we suggest that scans be collected before the start and end of winter at the very least, with 

a mid-winter scan if possible to better constrain the activity during this time. It is possible that 

these “overlapping” events can still occur during the winter months and are being interpreted as 

single rockfalls, however cold temperatures prevent scans from being collected during most of the 

winter with our current equipment.  While it is possible to build a somewhat complete rockfall 

inventory with 3 to 4 scans per year, we show that there is still some level of detail being lost 

compared to if more scans are taken. Additional scans are also useful in constraining changes in 

the frequency of rockfall events over time and relating them to weather and triggering factors.  
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Table 6-1: Previous rockfall frequency-magnitude studies, range of power law fit  and 
published values for power law equations 

Reference Site Geology 
Data 

Collection 
Methods 

Number of 
Events/Time 

Period 

Volume 
Range 

Range of 
Power 

Law Fit 

b 
Exponent 

Dussauge-
Peisser et al. 

(2002), Jeannin 
(2001) 

Upper Arly 
gorges, 
French 
Alps 

Metamorphic 
and 

sedimentary 
rocks 

Historical 
inventories 

59 over 22 
years 5 to 104 20-3000 0.45 ± 

0.15 

Dussauge-
Peisser et al. 
(2002), RTM 

(1996) 

Grenoble, 
French 
Alps 

Calcareous 
cliffs 

87 over 60 
years 

0.5 to 
106 50-106 0.41 ± 

0.11 

Dussauge-
Peisser et al. 

(2002); 
Wieczorek et 

al. (1992) 

Yosemite 
Valley, 

California 

Granitic 
cliffs 

101 over 78 
years 1 to 106 50-106 0.46 ± 

0.11 

 Hungr et al. 
(1999) 

British 
Columbia, 

Canada 

Massive 
felsic rock 

389 over 30 
years 

10-2 to 
108 10-2-104 0.43 

123 over 13 
years 

10-2 to 
108 1-104 0.40 

Hungr et al. 
(1999) 

British 
Columbia, 

Canada 

Jointed 
metamorphic 

rock 

122 over 22 
years 

10-2 to 
108 1-104 0.65 

Rousseau 
(1999) 

La 
Reunion, 
French 
Island 

Natural 
basaltic cliff 

Seismic 
signal 

measurements 

370 over 2 
months 

 Up to 
9.106 

1.5 orders 
of 

magnitude 
1 

Santana et al. 
(2012) 

Andorra, 
Eastern 

Pyrenees 

Highly 
fractured 

granodiorites 

Volume 
estimates 

using rockfall 
scars from 

TLS 

Artificial dataset – 
Monte Carlo simulation 

of 5000 events 
0.25-103 0.92 

D'Amato et al. 
(2013) 

Mont Saint 
Enyard, 

Grenoble, 
France 

Limestone 
cliffs 

Manual 
identification 

from TLS 

398 over 4 
years 

0.1 to 
100 0.1 to 100 0.75 ± 

0.04 

Carrea et al. 
(2015) 

Vaud, 
Switzerland 

Marl and 
Sandstone 

Automated 
detection 
from TLS 

118 over 3 
years 

0.01 to 
8 0.1 to 8 0.68 
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6.2 Temporal Distribution of Rockfalls 

Using the data from individual scan periods we determined that the rockfall frequency on 

the slope is not uniform throughout the year. For our dataset, the highest rockfall rates occur 

during the winter months with the lowest rates during the summer. Using the analysis of weather 

data, and rockfall data over three winters, we demonstrate that the amount of precipitation that 

occurs over a given winter impacts the overall rockfall frequency for the rest of the year. Over the 

winters of 2014-2015 and 2015-2016 there was a slightly above average amount of precipitation. 

The rockfall rates during this time ranged from 2.6 rockfalls per day in the summer to 5.6 and 5.8 

rockfalls per day over the winters. Given that the precipitation during these winters was just 

above average, we suggest that these rockfall rates are slightly above the average rockfall rate that 

could be expected in the canyon. The precipitation over the 2013-2014 winter was significantly 

below the historical average. Rockfall rates during that year ranged from 1.0 to 2.8 rockfalls per 

day, which we interpret to be towards the lower end of the  expected rockfall rates, given the 

extremely low amount of precipitation that winter.  

Many risk assessment frameworks are concerned with yearly rockfall rates. We can 

convert the frequency-magnitude data into yearly frequencies, which are summarized in Table 

6-2. It is important to remember that these rates are not constant over time (frequency is not 

constant throughout the year and not the same from year to year), however the rockfall data from 

late 2014 to present likely represents an almost normal rockfall rate for the slope, based on the 

analysis presented in Chapter 5.   
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Table 6-2: Yearly rockfall frequencies for White Canyon West 

Rockfall Volume (m3) Number of Events per Year 
> 0.01 1502 
> 0.05 697 
> 0.1 417 
> 1 50 
> 10 4 

 

These conclusions are being drawn from a limited dataset of rockfalls over a few years 

and may be subject to a short sampling period bias. Comparing the rockfall rates for the rest of 

2016 to the rates from 2015 may help to confirm this relationship, as both the 2014-2015 and 

2015-2016 winters showed similar precipitation and rockfall rates. The spring of 2016 rockfall 

rates were also similar to those from the spring of 2015. In order to fully understand the 

relationship between rockfall activity and weather, additional data collected on a more frequent 

basis during periods between rainfall events, and data over several more years is required.  

Knowledge of the temporal distribution of rockfalls and the anticipated level of activity 

over the upcoming year can help railways in the planning of maintenance activity, such as the 

clearing of ditches or rock sheds to accommodate for more rockfall debris.  

 

6.3 Spatial Distribution of Rockfalls 

One advantage of collecting rockfall information through the use of TLS data, that has 

not yet been discussed in previous chapters, is the ability to visualize the events based on their 

source zone location in three dimensions. Figure 6-1shows the rockfall source locations based on 

the three volume bins used in the CN RHRA: less than 1 m3, 1 to 3 m3, and greater than 3 m3 
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(Bruce Geotechnical Consultants 1997). Based on these classifications, it can be seen that most of 

the events fall into the smallest volume category, and may not be considered hazardous by the 

railway. With our database of rockfalls identified using TLS, we can separate rockfalls into more 

detailed volume bins (Figure 6-2) which allows us to better identify the range of potentially 

hazardous and nonhazardous events (better separating the very small and very large volume 

events from others). With this database, rockfalls can easily be filtered based on their size, time of 

occurrence, lithology, and shape, which allow us to visualize patterns of past events.  

Our analysis of the rockfall frequency-magnitude relationship for each lithology has 

shown that certain units, and therefore certain areas of the slope, produce rockfalls at a lower 

frequency but the density of rockfall in space may also be affected by rock quality, slope angle 

and perhaps other factors. Using this method allows us to identify areas with the highest density 

of events, which can assist with the planning of maintenance activity (scheduling ditch cleaning, 

scaling of rock sheds) or in the determination of areas where hazard management could be 

improved. In Figure 6-3, we use this visualization to identify several areas in the canyon with a 

high rockfall density, based on  manual inspection. Two of these areas are situated above talus 

channels, and are further from the track, and therefore may not present as much of a hazard as the 

two locations that are situated closer to the track in areas where the slope is relatively vertical.  

While many of these smaller rockfalls that we have identified may not directly present a 

hazard to the railway below, it is important that we still keep track of them. Rosser et al. (2007) 

and Kromer et al. (2015b) demonstrate that small rockfalls may act as precursors to much larger 

events, as demonstrated by the example of a 2600 m3 failure in the White Canyon in the summer 

of 2013. This event was preceded by 15 smaller rockfalls over 14 months, ranging in volume 

from 0.01 to 126 m3, around the perimeter of the source. It is also possible to detect deformation 
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of individual rock blocks prior to failure (Kromer et al. 2015a). By locating deforming areas and 

combining this with knowledge of the rockfall activity in that area, we may be able to identify 

precursors to larger, impending failure events. We can also use these techniques to monitor the 

activity in areas that have produced large failures in the past.  

While these techniques are useful in visualizing rockfall source zones and patterns of 

activity, it is important to understand that not all of these events will ultimately land on or near 

the railway tracks. It is possible that blocks will detach from their source zone and land 

somewhere else on the slope, and it is also possible that the blocks will bounce over the tracks 

entirely. It is not usually possible to identify the end points of a rockfall trajectory and correlate 

them with source zones using the TLS data, however it has been possible to calibrate three 

dimensional rockfall models for this slope, using cases where the source zone and impact location 

are known (Ondercin 2016). In the future, the rockfall locations, volumes, and shapes could be 

used with modeling software to determine which rockfalls are likely to make it to track level.  
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Figure 6-1: Rockfalls identified between November 2014 and May 2016 separated into 
magnitude classes used for the CN RHRA 
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Figure 6-2: Rockfalls identified between November 2014 and May 2016 separated into bins 
based on order of magnitude 
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Figure 6-3: All rockfalls identified between November 2014 and February 2016 with areas 
of high density of rockfalls highlighted 

 

6.4 Comparison of Results to Existing Databases and Monitoring Systems 

We have compared the results from the rockfall database to the existing databases and 

monitoring systems at this site (discussed in Chapter 3), which include the CN RHRA database, 

rockfall slide detection fence, and microseismic rockfall monitoring system. Sample data entries 

from each of these systems are presented in Appendix C.  

 

6.4.1 CN RHRA Database 

The rockfall incident database for the CN RHRA contains the following information: 

• Rockfall mileage 

• Volume range 

• If the rocks landed on the tracks 

• If there were any delays to train service 
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• If there was minor or significant damage to equipment or the track, or damage to other 

structures 

Inspections of the track at the White Canyon are conducted twice a week, however the 

database of recorded events is quite sparse, as it is difficult to relate the debris accumulating at 

track level to individual rockfall events and to estimate their volumes based on rockfall scars 

from the track level.  

 

6.4.2 CN Slide Detection Fence (SDF) 

Rockfall slide detection fence data for the White Canyon is available for the period between 

November 2014 and February 18th 2015. This dataset contained the date and time of activation, as 

well as the time it took to reset the system, but did not include the individual section of fence at 

which the event occurred. There were 47 activations of the slide detection fence for the entire 

White Canyon (both West and East) during this time period, which is significantly less than the 

395 rockfalls that were identified from the TLS analysis in the West section.  There are several 

possible scenarios to explain the lower number of fence activations compared to rockfalls: 

• Not all rockfalls make it all the way to track level 

• Multiple events occur in close proximity at the same time and only trigger the fence once 

• Rockfalls pass through between the wires of the fence and therefore are not detected 

• Rockfalls occur when the fence has already been activated but before it can be reset 

 

The average time to repair the fence, after it had been activated, was 19 hours. Given the fact 

that the fence can’t be repaired during inclement weather, and rockfalls may be more likely to 
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occur during this time, it is very possible that events occurred and were not recorded by the slide 

detector fence. The fence reports are also known to contain false positive records.  

 

6.4.3 Seismic Rockfalls Detection System (SRFDS) 

The SRFDS was triggered 313 times during the same time period, however out of these, 

only 75 of the activations were tagged as being triggered by rockfall events. The SRFDS data 

include the geophone location of each rockfall event, which could be converted to a track 

mileage. The records also contain a “binary count” factor which is related to the rockfall energy. 

CN has set a lower limit on the number of binary counts (50 000) which are considered to 

represent a notable rockfall. This binary count is equivalent to a 0.016 m3 rockfall from 

approximately 3 m above the tracks. While the slide detection fence requires someone to 

manually repair the system from the track, the SRFDS is automatically reset after the successful 

passing of a train. During this time period, the system was deactivated for 198.5 hours, which is 

much less than the slide detection fence.  

However, in comparing the SDF and the SRFDS data, none of the activation times match 

with each other. 46 of the rockfalls detected by the SRFDS occurred while the SDF was already 

activated, and therefore not able to record rockfalls (Figure 6-4). The other 29 events detected by 

the microseismic system did not trigger the SDF, suggesting that not all rockfalls are triggering 

the SDF, and that the SDF may be subject to many false triggers, therefore leading to unnecessary 

slow orders and delays of train traffic. It is also possible that rockfalls of different sizes, with 

different paths moving down the slope, in different locations, may impact each system differently. 

Figure 6-5 shows the rockfalls identified using TLS compared to the rockfalls detected 

with the SRFDS. The rockfalls have been projected onto the track, assuming that they would fall 
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straight down, to determine a mileage for each event. We compare this to the total number of 

rockfall triggers, as well as the cumulative binary count for each geophone to determine if there is 

a correlation. Looking at these graphs, it is clear that the two datasets do not match. On the east 

side of the track, there are a high number of microseismic triggers, with large binary counts, 

however there is not a high density of larger rockfalls, relative to the rest of the canyon, in this 

area. These frequent triggers with high energies may be an effect of a tunnel portal located close 

to these geophones creating echoes and causing ground vibration. There is a large cluster of 

rockfall events close to the track level between 94.45 and 94.55 that do not appear to be reflected 

in the microseismic data. While there are many events that have been detected in the 

microseismic data to the west of this, the slope is sub vertical in this area, therefore it is most 

likely that these rockfalls would have travelled straight down the slope, triggering the geophones 

directly or nearly below them. Additional analysis of the SRFDS data is presented in Appendix 

D.  
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Figure 6-4: Comparison of times during which the slide detection fence and seismic rockfall 

detection system were activated. Activations of the seismic system that were identified as 
being rockfalls are identified. 
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Figure 6-5: Comparison of rockfalls identified using TLS with event triggers of the seismic 
rockfall detection system a) rockfalls from TLS by track mileage b) number of triggers of 
microseismic system by track mileage c) cumulative binary count of rockfalls by mileage 

from microseismic system 
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6.5 Summary of Applications 

The applications of TLS to monitoring rock slopes along this section of railway, in order 

to create a database of rockfall events, are useful for several reasons. Slopes with frequent 

activity, and inability to easily identify rockfall source zones and volumes in the field are 

characterized by an incomplete database of events created through inspection from track level. 

The methods outlined in this thesis can be applied to create a detailed inventory of rockfall source 

zones, volumes, lithologies, and block shapes. This inventory can be used to determine the 

frequency of events for a given volume, which can be input into hazard assessment. The ability to 

visualize this data in three-dimensions and filter rockfalls by date, size, and lithology, can help to 

understand patterns of activity in both space and time. This knowledge, in combination with 

information on how these rockfall rates vary over time in relation to weather can help the 

railways in the planning of maintenance activity.  While the rockfall monitoring systems present 

along this section of rail can provide value in preventing train derailments, they lack consistency 

in measurements and should not be used exclusively as a record of rockfall activity. The use of 

the techniques outlined in this thesis can provide a more detailed database of rockfall records than 

those provided by rockfall monitoring systems.  
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Chapter 7: Conclusions and Future Work 

7.1 Overview of Thesis Objectives 

The objective of this thesis is to determine how remote sensing techniques (with a focus 

on TLS) could be used to build a database of events and to understand of the rockfall frequency-

magnitude relationship in the White Canyon. This includes developing techniques for extracting 

rockfall information from the available TLS data, and incorporating new techniques into existing 

methods. We explored other additional rockfall characteristics that could be added to this 

database aside from rockfall volumes, and how the events are related to triggering factors.  

 

7.2 Summary of Work  

The work completed for this thesis includes processing of TLS data collected in the 

White Canyon over 30 months and analysis to identify rockfall events over this period of time. To 

do this, we developed a semi-automated workflow, to build a database of over 2000 events 

including their source zone locations, volumes and rockfall block shapes. The incorporation of 

classified photogrammetry data to this workflow also allowed us to identify the source zone 

lithology of each rockfall. From this we could determine the frequency-magnitude relationship of 

rockfall events as well as the spatial and temporal distribution of rockfalls. We performed a study 

to determine the effects of sampling period (duration between scans) on the way that rockfalls are 

identified using the semi-automated methods, and how this affects the frequency-magnitude 

relationship.  We have also built an understanding of how the rockfall rates in the canyon vary by 

lithology, through the use of photogrammetry data. The analysis of weather data from a nearby 

station allowed us to begin to develop an understanding of how these rockfalls are related to 
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triggering factors, however this analysis was limited by the number of years of available data and 

the duration between scans. Finally, we compared the records from our database to data from 

rockfall records, slide detector fences and a microseismic monitoring system in the canyon to 

understand how our data may benefit the railways in keeping a record of rockfall activity on the 

slope.  

 

7.3 Conclusions 

Throughout the development of this rockfall inventory, we have drawn several conclusions 

based on the information in the database as well as from our experiences in processing and 

analyzing the data. These conclusions are as follows: 

• We can identify rockfalls in the White Canyon as small as 0.01 m3 and the frequency-

magnitude relationship is well fit by a power law for volumes greater than 0.03 m3. The b 

value of 0.96 produced from this dataset is consistent with published values and is 

consistent with the hypothesis that more highly fractured rockmasses produce frequency-

magnitude relationships with larger b values. This is reflective of a relatively larger 

number of small rockfalls compared to large ones, as the high degree of fracturing within 

the White Canyon may limit the number of larger blocks that have the potential to fail.  

• The temporal distribution of rockfalls is not uniform, with higher rockfall frequencies 

occurring in the winters compared to the spring, summer, and fall months. Data over 

three winters suggests that the overall yearly rockfall rates are affected by the amount of 

winter precipitation.  
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• The relative frequency of rockfalls within each slope lithology differs. The rockfall rates 

per unit area are higher for the granodiorite and the gneiss, compared to the more massive 

intrusions and dykes. This affects the spatial distribution of rockfalls.  

• The duration between TLS scans affects the identification of rockfall locations and their 

resulting volumes. In areas where activity is frequent, too long of a duration between 

scans can cause several single rockfalls to appear as one event, which leads to an 

underestimate in the number of rockfalls and an overestimate of rockfall volumes. The 

timing of scans should be planned to capture more data during times of frequent activity 

to minimize this effect.  

• This detailed database of events can assist the railway in the planning of maintenance 

activities and in the forecasting of future failure events by combining the results of this 

database with other types of analysis including pre-failure deformation analysis and 

rockfall modelling.  

• Using these methods can help to develop a more complete record of activity on the slope 

compared to traditional track level inspection and monitoring methods.   

• Careful survey design and planning can improve our ability to detect small rockfall 

events on large complex slopes, which improves the range of fit for the frequency-

magnitude relationship of the slope.  

• While a completely automated method of extracting rockfall information from this data 

may be desired, some manual processing is required due to the presence of multiple 

material types, areas of heavy vegetation as well as many small low-lying shrubs and 

bushes, and complex geometrical features on the slope. 
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7.4 Future Work 

The following sections contain discussion and suggestions for how this work may be 

continued and improved upon in the future.  

 

7.4.1 TLS Data Collection 

Much of the data collection for this project has focused around summer campaigns, due 

to the availability of personnel as well as favorable scanning conditions. However, we have 

demonstrated that the rockfall frequencies are relatively low during the summer months compared 

to the winters. Collection of data at regular intervals during the months of October to March 

would allow us to better constrain rockfall frequencies during the winter months and also 

determine if there is any potential overlapping of events during this time period which we are not 

able to see with current datasets. These additional datasets may allow us to better understand the 

effects of individual rain or snowfall events on the rockfall rates, as well as the effects of 

changing temperatures. We are currently limited to scanning in milder temperatures (above 0 

degrees), however different equipment could permit data collection during the winter months.  

 

7.4.2 Analysis of Data from White Canyon East 

Similar TLS datasets have been collected for the East section of the White Canyon, 

however these have not yet been analyzed in as much detail due to the lack of photogrammetry 

data for classifying the slope, in order to perform the complete analysis. Repeating the analysis 

performed on the West side and comparing the results to the dataset that we have already built 

may help us in validating some of the conclusions that have been already made.  
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7.4.3 Accuracy of Volume Calculations 

The accuracy of the computed rockfall volumes is subject to several sources of error, 

some of which are not well understood. In setting the threshold for change detection to filter out 

rockfalls, the outer edges of each rockfall shape are being removed from the data, leading to a 

smaller volume being calculated. The amount of data lost depends on the size and shape of the 

rockfall. Rockfalls that are more cubic in shape would be subject to smaller error than elongated 

or tabular shapes with a larger surface area on the slope. By sampling events of different volume 

and shape ranges, and manually selecting points based on the true perimeter of each rockfall, we 

may find that there is a relationship between the volume, shape, and percentage of volume error 

for each event. This could then be incorporated into the algorithm to correct for lost volume due 

to filtering. 

The accuracy in the calculation of larger volume rockfalls (> 10 m3) with irregular 

surfaces and data occlusions may be worse than for smaller volume rockfalls. While these errors 

do not appear to affect the overall frequency-magnitude relationship, a more accurate value for 

the volumes of some failures may be desired or useful for detailed analysis of individual failure 

events. The volume estimates may be improved by manually calculating them using several 

methods (alpha-shape method described in this thesis, generation of meshed models) to better 

constrain the volume of these blocks.  

The detailed rockfall volume information that we have produced, while subject to 

minimal error, is a significant improvement over the ability of railway personnel to estimate 

volumes from track level, either by identifying source zones or correlating events to debris piles 

at the track level.  

 



 

 

 

152 

7.4.4 Application of Techniques to Other Slopes 

The application of these techniques to other slopes is relatively straightforward. In terms 

of the rockfall identification and classification, few changes would be required. The separation of 

rockfall source zones from areas of talus and soil may not be necessary depending on the size and 

morphology of the slope. For the rockfall identification, the values for the parameters used in 

change detection and DBSCAN clustering may need to be altered based on the point density of 

the data being used. The minimum detectable rockfall volume may be lower for slopes with a 

smaller point spacing. If TLS data for these slopes is already available, this analysis could be 

applied and future data collection should be planned around the resulting rockfall frequencies.  If 

no data is available, analysis of historical inventories, if records are available, may help in 

planning the most appropriate times to collect data.  

While many of the parameters used in the rockfall identification were optimized based on 

trial and error, given data from several slopes with variable point densities, we may be able to 

develop a more general set of guidelines for selecting appropriate values for these variables. In 

comparing multiple slopes with varying geology and geomorphology we could develop a better 

understanding of how these factors affect the frequency-magnitude relationship.  
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Appendix A: Block Shape Based on Lithology 

 

We completed a block shape analysis for all of the rockfalls that were classified by 

lithology, in addition to comparing block shapes based on rockfall magnitude (Figure A-). This 

was done with the goal of understanding how the block shapes may be related to failure 

mechanism or structural controls on failure. While there are some differences among the block 

shape ranges for each different lithology, these differences are not as significant as the differences 

that are apparent when comparing block shapes between rockfalls of different magnitude ranges.  

The block shapes in the gneiss and dykes are concentrated towards the centre of the block 

shape diagram (bladed shapes), with a smaller number of tabular and rod-shaped blocks, 

suggesting that these units may be too jointed to produce the tabular and elongated end member 

shapes. The distribution of block shapes in the batholith is more uniform than the other units. The 

block shapes of the intrusions are more concentrated towards the top half of the diagram (cubic) 

than the other units.  
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Figure A-1: Distribution of rockfall block shapes based on lithology 
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Appendix B: Sample Rockfall Database Entries 

 
Table B- shows an example of entries from the rockfall database. The X, Y, and Z 

coordinates are the centroid of each rockfall in the local coordinate system. Each lithology is 

represented by a unique scalar value which is related to each rockfall. The a, b, and c values are 

the lengths of the long, intermediate, and short axis of each rockfall, in metres.  

Table B-1: Example of rockfall database entries 

Date 1 Date 2 X Y Z Volume (m3) Lithology a b c 
141111 150215 -130.96 349.72 -51.89 0.241 2 2.731 2.097 1.661 
141111 150215 -132.92 353 -49.096 0.462 2 3.289 2.934 2.226 
141111 150215 -39.118 357.91 -46.568 0.095 2 0.961 0.82 0.601 

141111 150215 -142.26 352.8 -41.277 0.035 6 0.979 0.724 0.678 

141111 150215 -147.3 356.17 -36.762 0.062 6 1.044 0.872 0.696 
141111 150215 -36.102 389.13 -34.094 0.747 2 3.503 2.329 1.709 
141111 150215 -140.08 367.85 -35.835 0.097 2 1.974 1.497 1.219 
141111 150215 24.416 356.32 -28.283 0.036 8 0.725 0.479 0.443 
141111 150215 -170.14 349.4 -33.517 0.049 6 1.18 0.98 0.62 
141111 150215 -133.68 378.93 -27.858 0.082 2 1.778 1.596 1.559 
141111 150215 -150.97 366.96 -27.977 0.054 6 0.779 0.721 0.612 
141111 150215 -75.623 380.74 -24.312 0.212 2 2.362 1.523 0.967 
141111 150215 -104.15 371.37 -25.063 0.067 2 0.933 0.791 0.673 
141111 150215 -152.3 369.49 -26.149 0.021 6 0.465 0.452 0.326 
141111 150215 -105.16 373.26 -23.663 0.078 2 0.903 0.841 0.637 
141111 150215 -79.206 385.45 -19.949 0.424 2 2.926 2.771 2.472 
141111 150215 -153.28 373.89 -22.463 0.027 6 0.924 0.603 0.283 
141111 150215 -106.19 377.34 -20.496 0.189 2 1.272 1.152 0.77 
141111 150215 -143.67 387.36 -16.012 0.102 2 1.089 0.941 0.638 
141111 150215 -105.86 379.65 -12.394 0.105 7 1.289 1.015 0.806 
141111 150215 -86.713 393.54 -11.337 0.399 2 3.319 3.124 3.117 
141111 150215 -44.255 414.52 -9.1992 0.218 2 2.011 1.861 0.854 
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Appendix C: Sample of Entries for Rockfall Monitoring Systems 

 
Samples of data entries and reports from each of the rockfall inventories and monitoring 

systems are shown below. These include the CN RHRA database, the rockfall slide detection 

fence, and the seismic rockfall detection system.  

CN RHRA Database 

The CN RHRA database (Table C-1) contains an event ID number, the date of the event, 

month of the event, subdivision and track mileage. True or False values are assigned for the 

following categories: 

• On Track (did the rockfall land on the track?) 

• Downslope (are there debris downslope?) 

• 1-3 ft (true if the largest block dimension between 1 to 3 feet) 

• > 3 ft (true if the largest dimension is greater than 3 feet) 

• Delays to train 

• Minor DE (DE = damage to equipment) 

• Substantial DE 

• Minor DT (DT = damage to track) 

• Substantial DT 

• Rockfall, Landslide, or Erosion/Washout 
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Slide Detector Fence 

The data for the SDF (Figure C-1) is contained in the form of daily email reports that are 

sent out automatically to railway personnel, and contain the SDF triggers for the past week. Each 

record contains the subdivision and location of the fence activation, as well as the date and time 

that the fence was tripped. If the fence has already been repaired, the date and time of repair, as 

well as the time that it took to complete the repair are also included. The specific location of the 

event is not included in these reports.  

Seismic Rockfall Detection System 

The data for the microseismic system is also contained in email reports, which are sent 

out each time the system is activated or reset. Reports are sent for both rockfall activations and 

for false activations. The rockfall reports (Figure C-2) contain the date and time of activation as 

well as the range of geophones that were impacted by the event. The reports also contain the 

number of binary counts that were registered by the system (related to rockfall energy) and the 

geophone with the maximum impact energy (assumed to be the closest location to which the 

event made contact with the ground). The corresponding report shown in Figure C-3 shows that 

the system was reset 15 minutes after this rockfall event. The report shown in Figure C-4 contains 

a false activation of the system, and only contains a date and time of activation, without any 

rockfall info. The corresponding reset report is shown in Figure C-5.  
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Table C-1: Sample of White Canyon rockfall records from CN RHRA database 

Event 

ID 
Date 

Mont

h 
Sub Mile 

On 

Track 

Downslop

e 

1-3 

ft 
>3 ft 

Delays to 

Train 

Minor D 

E 

Subs D 

E 

Minor D 

T 

Subs D 

T 

Damage oth 

str 

Rockfal

l 

Landslid

e 

Ero/Was

h 

481 
2/08/9

6 
2 

Ashcrof

t 
92 False False True 

Fals

e 
False False False False False False True False False 

4425 
8/14/1

4 
8 

Ashcrof

t 

92.6

8 
True False False True True False False False False False True False False 

553 
1/09/9

9 
1 

Ashcrof

t 
92.8 False False False 

Fals

e 
True True False False False False True True False 

3791 
2/07/0

7 
2 

Ashcrof

t 
92.8 True False False True True False False False False False True False False 
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Figure C-1: Sample of e-mail slide detector fence report 
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Figure C-2: Sample of report from the SRFDS showing an activation of the system caused 
by rockfall 

 

Figure C-3: Sample of SRFDS report for the system repair corresponding to the rockfall 
event shown above 
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Figure C-4: Sample of SRFDS report for a false activation (system activated but no 
rockfall) 

 

 

Figure C-5: Sample of SRFDS report reset information for the event shown above 
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Appendix D: Additional Analysis of SRFDS Data 

 
Prior to the creation of the workflow for semi-automated detection of rockfalls, we 

completed an additional analysis of the data from the SRFDS compared to a set of 161 rockfalls 

that were manually extracted from the TLS data between the periods of November 11, 2014 and 

February 15th 2015 in the White Canyon West section. This study consisted of two parts: a 

comparison between the microseismic measurements and the rockfall data from TLS, as well as 

analysis to develop a better understanding of the validity of the microseismic measurements.  

 

Comparison of Microseismic Data to Rockfalls from TLS 

We began by determining the mileage of each rockfall location (Figure D-1) based on the 

assumption that they would fall straight down (projecting each rockfall location vertically onto 

the track). These rockfall are shown in Figure D-2 compared to the number of microseismic 

triggers. We also compared the cumulative rockfall volume for each mileage to the total binary 

counts (related to rockfall energy, larger rockfall should produce a larger binary count) for each 

geophone (Figure D-3).  

From these images it is clear that there is not a direct match between the rockfalls from 

TLS with the rockfalls detected from the SRFDS, when comparing the number of events as well 

as the sizes of each event for a given mileage. This is perhaps due to the assumption that each 

rock is falling straight down towards the tracks. While this may be the case in some areas that are 

subvertical and close to track level, it is likely that most rockfalls do not take as much of a direct 

path towards the base of the slope as we have assumed.  
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We then performed a second analysis to try and determine a more realistic end point for 

each rockfall event, to compare to the SRFDS data. We performed a basin analysis in ArcGIS to 

separate regions in which rockfalls would be funneled down towards different sections of track 

(Figure D-4). We then determined which rockfall events fell into each basin to determine an 

ending point for each rockfall. The potential end points were selected as the centre point of each 

basin. The comparison between the microseismic data and the basin analysis are shown in Figure 

D-5 and Figure D-6. While these results show a slightly better correlation and therefore perhaps 

are more realistic end points for each event, there are still areas where the two datasets do not 

match well (especially on the far west side of the canyon).  

These discrepancies may be due to inaccuracy in the microseismic data measurements, or 

in the methods used to model the rockfall end points. The next step in this analysis would be to 

input the data into a 3D rockfall modelling simulation to refine the results of the rockfall 

trajectories and ending points.  

 

Interpretation of Microseismic Data 

The SRFDS consists of 68 geophones (Z1 to Z68), spaced approximately 17 m apart in 

the White Canyon West, starting with geophone Z1 on the westernmost edge.  The data reports 

from the SRFDS contain the date and time that the system was triggered, as well as the geophone 

at which the impact energy was the greatest (assumed to be the closest to the impact point of the 

rockfall event). The data also contains the range of geophones that were triggered for each event. 

Throughout the comparison of the microseismic data to the TLS rockfalls, we identified several 

factors that may in some part contribute to an inability to correlate these two datasets. The first 

trend we noticed was that there was some asymmetry in the number of geophones triggered for a 
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given event. It would be expected that an approximately equal number of geophones would be 

triggered on either side of the “impact” location, however this was not always the case, as 

highlighted by some of the examples in Table D-1. This may mean that the impact location of 

each rockfall is not being identified correctly by the system.  

We also identified several cases in which there was an event with a very large binary 

count (higher energy/larger rockfall) but a very small number of geophones were triggered (Table 

D-2). For example, the highest binary count recorded for this dataset was 1 184 011. The impact 

location of this event was Z67, and geophones Z48 to Z66 were also triggered, however 

geophone Z68 was not affected by this event. Many of the cases where this phenomenon occurs 

are close to the tunnel portal on the east side of White Canyon West, and may be affected by the 

presence of echoes and vibrations within the tunnel.  

As the binary counts of the event are related to the rockfall energy, it is expected that an 

event with larger binary counts would trigger a larger number of geophones, however this does 

not always appear to be the case (Figure D-7).  

Because of these discrepancies in the data from the SRFDS, the data we are attempting to 

correlate to rockfall from TLS may be subject to some errors in the system that are not entirely 

understood at this time.  
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Figure D-1: Locations of rockfalls manually identified from TLS in the White Canyon 

between November 11, 2014 and February 15, 2015. 
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Figure D-2: Comparison between # of microseismic triggers system to number of rockfalls from TLS, assuming a straight down path 
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Figure D-3: Comparison between cumulative binary counts from microseismic system with cumulative rockfall volume from TLS 
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Figure D-4: Separation of White Canyon West into basins using ArcGIS with rockfall events projected into each basin 
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Figure D-5: Comparison of microseismic triggers to number of rockfalls occurring in each basin 
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Figure D-6: Comparison of cumulative binary count to cumulative rockfall volume for each basin 
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Table D-1: Sample of data from SRFDS showing asymmetry in triggered geophones for rockfall events 

Date Triggered Time Triggered Impact Location Triggered Sensor 1 Triggered Sensor 2 Diff to TS 1 Diff to TS 2 

2014-11-14 14:39:54 12 11 32 1 20 

2014-11-18 0:38:59 67 48 67 19 0 

2014-11-21 21:01:28 50 17 52 33 2 

2014-12-05 20:31:51 51 51 56 0 5 

2014-12-24 0:39:54 44 19 44 25 0 

2015-01-02 14:26:52 41 33 56 8 15 

2015-01-08 13:05:12 16 1 20 15 4 

2015-01-16 21:14:39 59 42 68 17 9 

2015-01-17 1:44:06 64 58 64 6 0 

2015-01-18 2:07:59 61 56 67 5 6 

2015-01-18 13:27:47 29 19 38 10 9 

2015-01-18 16:16:04 41 37 50 4 9 

2015-01-23 10:28:48 29 18 48 11 19 

2015-01-26 9:28:59 39 33 52 6 13 

2015-01-26 13:24:04 29 29 47 0 18 

2015-01-28 11:45:58 50 42 67 8 17 

2015-01-30 13:20:26 46 45 50 1 4 

2015-01-31 10:40:18 66 44 68 22 2 

2015-02-02 13:45:29 38 24 55 14 17 

2015-02-03 8:54:17 53 47 53 6 0 

2015-02-06 2:06:33 57 57 61 0 4 

2015-02-06 21:20:28 59 41 64 18 5 

2015-02-07 6:43:59 20 13 37 7 17 
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2015-02-07 21:45:59 11 8 18 3 7 

2015-02-09 13:46:04 66 47 68 19 2 

2015-02-10 2:30:09 10 8 32 2 22 

2015-02-10 16:07:02 21 10 23 11 2 

2015-02-11 4:21:14 12 1 12 11 0 

2015-02-17 22:58:23 10 1 10 9 0 

 

Table D-2: Example of rockfalls with very large binary counts but small number of triggered geophones near tunnel portal 

Date Triggered Sensors Triggered Binary Count Impact Location Triggered Sensor 1 Triggered Sensor 2 

2015-01-08 Z-64 to Z-68 99946 68 64 68 

2014-12-11 Z-64 to Z-68 83763 68 64 68 

2015-01-08 Z-63 to Z-68 128477 68 63 68 

2015-01-11 Z-60 to Z-68 835346 68 60 68 

2015-01-12 Z-60 to Z-68 512202 68 60 68 

2014-11-13 Z-62 to Z-68 65695 67 62 68 

2014-11-18 Z-48 to Z-67 1184011 67 48 67 

2014-12-09 Z-63 to Z-68 78284 66 63 68 

2014-12-08 Z-61 to Z-68 181007 66 61 68 

2014-12-10 Z-61 to Z-68 69462 66 61 68 

2014-11-06 Z-59 to Z-68 295759 66 59 68 

2015-02-09 Z-47 to Z-68 240728 66 47 68 

2015-01-31 Z-44 to Z-68 120927 66 44 68 

2014-12-09 Z-36 to Z-68 803374 66 36 68 
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Figure D-7: Comparison between number of binary counts and number of triggered geophones for each rockfall event in the SRFDS 
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