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ABSTRACT

Avalanches are a very powerful force of nature and pose significant risk for ski
areas and mountainous roads. Avalanche forecasting and mitigation are a very important
part of keeping the public safe. Terrestrial laser scanning lidar systems have proven
useful in more accurate forecasting and mitigation efforts, but utilizing them can be time
consuming. The goal of this project is to operationalize a workflow and create algorithms and
ultimately produce a software product that can rapidly analyze snow covered mountainous
terrain, allowing avalanche forecasters to make informed decisions on where to focus their
mitigation efforts. In this dissertation, I first present algorithms that were designed to
align scans, identify trees and cliffs, grid scans, and calculate snow depth. I then introduce
a software package that was implemented incorporating these algorithms with a point
cloud visualization tool. This software package allows a user to control and visualize
the analysis process to make more informed avalanche mitigation decisions. Algorithms
were parameterized and validated with a field study consisting of data collection events
at Bridger Bowl, Bear Canyon, and the Yellowstone Club in Montana. A Riegl VZ-6000
TLS lidar system was used for all data collection efforts. This dissertation documents the
design of this analytics workflow by presenting the algorithms developed, discussing the
software implemented, and presenting the data collection efforts that guided the design of
the algorithms and served to validate their efficacy.
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CHAPTER ONE

INTRODUCTION

Avalanches are a very powerful force of nature and can pose a danger to the public. One

of the obvious places avalanches can occur is ski areas. Avalanches can injure or kill patrons

and cause damage to buildings. Roads or buildings in mountainous areas can be susceptible

to avalanches as well. If not properly mitigated, avalanches can cause road closures and be a

danger to vehicles and passengers traveling on them or destroy buildings and property [15].

Avalanche forecasting and mitigation are a very important part of keeping the public and

property safe. Forecasters need as much information as possible to make informed decisions.

Terrestrial laser scanning (TLS) lidar systems have proven useful for enabling more accurate

forecasting and mitigation efforts by allowing remote analysis of snow depth in complex

mountainous terrain [8] [7] [24]. TLS lidar systems are portable and can be deployed and

utilized in various types of terrain.

Lidar is short for Light Detection and Ranging. Pulsed light is used to capture and

develop three-dimensional spatial information about an object or area of interest. It works

similarly to sonar, but instead of using sound, it sends out pulses of light and then monitors

and analyzes how the pulses reflect back. The light pulses are normally in the non-visible

spectrum, meaning the human eye cannot see them. Depending on the size and strength

of the lidar scanner, areas miles away can be accurately modeled [7]. Lidar was initially

used in meteorology to measure cloud density and pollution [13]. Its application became

more well known once it was used to map the surface of the moon in the 1971 Apollo 15

mission [28]. Since then, lidar has become the primary tool for terrain mapping. Early in

its history, planes would fly over terrain of interest taking lidar readings, and based on the
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scans, detailed topographical maps were made with relatively low degree of error [12]. Lidar

has come a long way from these initial aerial flights. Modern lidar systems are smaller and

can be deployed via a tripod or tension leg system. This portability makes lidar a natural

choice for targeted snow evaluation. Lidar creates a three-dimensional point cloud which can

then be analyzed for snow depth, snow volume, or other snow and terrain properties. The

goal of our project is to operationalize a workflow and create a software product to rapidly

analyze snow covered mountainous terrain using lidar so that avalanche forecasters can make

informed decisions on where to focus their mitigation efforts.

Figure 1.1: Snow depth can be calculated by taking the difference of two co-referenced scans.

The primary metric of interest in our work is snow depth because snow depth is the most

direct metric to measure that will give insight into the destructive potential if an avalanche

were to occur. Snow depth can be calculated by co-referencing scans and calculating the

difference in the depth dimension as shown in Figure 1.1. Before accurately calculating snow

depth, several technical challenges needed to be addressed:

1. Point clouds taken during different data collection events need to be aligned in a shared

coordinate system so that corresponding points can be identified between the scans for
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the depth calculation. If the scans are not accurately aligned, the misalignment will

be falsely interpreted as snow depth.

2. Vegetation, cliffs, and man-made structures need to be identified in scans to exclude

them from the snow depth calculations. Tiny variations in alignment can cause

large inaccuracies in snow depth calculation when non-snow features are present. For

example, if a point on a tree branch from one scan is misaligned to correspond to a

point on the ground from another scan the calculated snow depth will be much greater

than the actual depth.

3. The amount of point cloud data needs to be reduced to enable efficient computations.

Terrain lidar scans can result in tens of millions of data points and analysis can

be computationally expensive. Simplification techniques needed to be developed to

optimize running time.

4. A user-friendly software package must be developed to manage the execution of these

analysis algorithms, as avalanche forecasters will not have the expertise to run complex

point cloud analysis.

Our workflow is illustrated in Figure 1.2 below.

Our workflow addresses the steps needed to analyze scans and make decisions: cropping

(removing unneeded points), aligning scans, identifying vegetation and/or cliffs, calculating

snow depth, and inspecting results. The lidar scans were taken at three locations surrounding

Bozeman, MT: Yellowstone Club Ski Area, Bear Canyon Ski Area, and Bridger Bowl Ski

Area. The Riegl VZ-6000 TLS lidar system was used for all the scans. The scanner was

deployed on a tension leg tripod for all the scans.

The rest of this dissertation is organized as follows: Chapter 2 discusses background

work. Chapter 3 details the development of our algorithms. Chapter 4 shows the set up

and functionality of our software product. Chapter 5 provides insight into the different
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Figure 1.2: Workflow Diagram: Scan, process, then display the results.

parameters of our algorithm and the evaluation of our workflow, and the dissertation is

concluded in Chapter 6.
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CHAPTER TWO

BACKGROUND

Much research is being done on earth systems, such as meteorology, climate science, and

glaciology, to better understand them individually as well as understand how they interact.

Though we can not observe all of these systems up close, lidar can allow researchers to model

the different systems and draw meaningful conclusions. One application is snow modeling

and for us, more specifically, avalanche prediction, monitoring, and mitigation. We are

particularly interested in how lidar is being used for mapping and monitoring different earth

systems to get a broader view of how they interact.

2.1 Lidar for Earth System Modeling

In this section, we survey the the evolution of lidar and its effect on modeling Earth

systems. Aerial lidar scanning revolutionized the ability of researchers to model these

systems. With it, researchers were able to scan large areas of land then pull a diverse

array of data from these scans and build models. For example, one application of aerial lidar

scanning is vegetation analysis. Vegetation analysis is the identification and classification

different trees and plants. Lidar has been used to estimate forest biomass and effects of

logging in the Amazon rain forest [9] and to inventory different forest vegetation species in

Oregon, USA [31]. An application more pertinent to our research is watershed mapping. In

mountainous areas, the accumulated snow that feeds an area’s water supply is known as a

watershed. Many times the inhabitants rely on snow melt to supply the water they need

[20]. Determining how much snow has accumulated in alpine areas above these inhabited

areas is crucial for planning and preparing for the summer season and for monitoring long-

term seasonal trends. Lidar can prove especially useful in this endeavor as it can penetrate
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through the vegetation canopy of trees and accurately measure the quantity of snow on the

ground which further improves the accuracy of the watershed estimation [20]. Two examples

of lidar’s successful use in watershed estimation are in the eastern Pyrenees mountians of

Europe [1] and the Sierra Nevada Mountains of California, USA [22].

As lidar scanner systems have become more portable, scanners can now be mounted

to a tension leg system or easily attached to a permanent mount if consistent scanning of

an area will be needed. A tension leg system is a sturdy tripod that is portable and can

be set up in different locations for scanning. This portability has further expanded lidar

application. The earth processes which formerly could only be modeled by plane can now be

modeled on a much smaller scale since the scanners can now be transported and deployed

in a wider variety of settings. For example, researchers using a TLS lidar scanning system

were able to test and monitor the rate of snow melt on a smaller scale than aerial lidar could

to better understand watershed impacts [10]. In Greenland, researchers have permanently

installed a lidar scanner system to continuously monitor the glaciers in the southeast part

of the country[21]. These applications of the TLS or the permanently mounted lidar system

highlight the ultimate goal of our research. We developed a workflow that integrates with

a portable or permanent lidar system to monitor snow accumulation, redistribution, and

melting to aid in avalanche prediction.

2.2 Snow and Avalanche Research

Every snow season, people are injured or killed in avalanches [15]. It is a very complex

problem as there are many factors that influence avalanches. Because of this, much research

is directed at understanding snow and mountainous terrain as it relates to understanding

avalanches and predicting them. Mountainous terrain is a key factor influencing the

probability of an avalanche [18]. Researchers found that slope angle and aspect, which is the

compass direction that a slope faces, tie into avalanche probability, and these characteristics
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can change rapidly across a small region. The distribution of snow and the changes that

the snowpack will undergo throughout a day or over the course of an entire season are key

factors in predicting avalanches [25]. The study by Guy and others in 2013, found that

weak layers which form over the course of a winter act as trigger points for avalanches [18].

These weak layers form by the interaction of precipitation, wind, temperature, vegetation,

and sun radiation that occur over the course of the winter. One possible result of this

interaction is buried surface hoar which is a primary cause of avalanches [23]. Surface hoar

is large snow crystals that can develop on the snow surface on cold clear nights, and then

can get buried then next time it snows creating a weak layer. In addition, the overall

depth of the snowpack has a significant effect on stability and destructive potential, but this

can be hard to predict and shows great spacial variability across complex mountain terrain

[17]. Birkeland and others further investigated the complicated relationship between snow

stability, vegetation, and snow depth and found that snow overlaying rock is significantly less

stable that snow overlaying vegetation [3]. Schweizer and others took a deeper look at the

many different factors affecting avalanche potential such as slope angle, wind, temperature,

and precipitation to show that trying to account for all these variables and make avalanche

predictions is a very complicated endeavor [26]. The authors also evaluated the spacial

variability of different snowpack properties and concluded that the high variability further

complicates avalanche prediction [27].

2.3 Snow and Avalanche Modeling

Trying to model and predict avalanches is the next natural step to better understand

them. Wide spread studies done in Iran using topographical data and machine learning

techniques were able to identify areas of high avalanche probability [30] [6]. All these areas

were on steep slopes at higher elevations on the mountains. These findings are something

forecasters and practitioners already knew and in their discussion of the results the authors



8

express the need for better avalanche prediction techniques that can take weather, wind,

and snowpack into account. A study conducted in the Rocky Mountains of Canada and the

USA tried to better understand snow redistribution, due to wind or other weather, using

satellite imagery to develop maps identifying where redistribution was likely to occur [29].

These maps were then verified using aerial lidar scans of the areas of interest.

While these studies in Iran and the Rocky Mountains of Canada and the USA provide

insight into larger-scale avalanche trends and snow redistribution, their methods are not

suited to providing targeted small scale analysis. With the TLS lidar system, scans can be

taken at specific times (daily, before and/or after snow events, etc) and at specific locations

and then analyzed to aid in decision making. The most significant work in this field has

been done by Jeffrey Deems of the National Snow and Ice Data Center [? ] [7].

2.4 Snow and Avalanche Modeling with TLS Lidar

In 2013, Deems and others did a study comparing lidar scanning methods and snow

depth calculation methods [8]. They compare aerial lidar scanning to TLS lidar scanning

and describe the best practices for both methods. They also discuss potential errors that

can arise from terrain, vegetation, and post-processing. For snow depth, they discuss three

different methods and considerations that come with using each. Lidar scans are commonly

viewed as large 3-dimensional point clouds, so the depth can be calculated by comparing a

ground scan to a co-aligned snow scan. The three different methods are: (1) point-to-point:

where ground scan point elevation values are subtracted from the closest snow elevation

point value, (2) point-to-grid: the ground scan is gridded and the grid cell elevation value is

subtracted from the overlying snow elevation point value, (3) grid-to-grid: the ground scan

and snow scan are gridded and the grid cell elevation value of the ground scan is subtracted

from the grid cell elevation value of the snow scan. In our research, we started with these

methods to assess their ability to determine snow depth for our application.
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In 2013-2014, Deems and others conducted a study to test the ability of a TLS lidar

system to integrate with ski area avalanche and control operations at Arapahoe Basin Ski

Area in Colorado [7]. They used equipment and a workflow concept very similar to the one

we operationalized with our research, by using a Riegl lidar scanner along with the Riegl

RiSCAN software to run the scanner. In the summer, they took a scan of the mountain

side without snow. In the winter they came back to scan the same mountain side at two

different times in the winter. They used manually selected tie-points along with the Multi-

Station Adjustment (MSA) tool in RiSCAN. The alignment step is a very important part

of the workflow. If the alignment is off, the snow depth calculation will not be reliable as

discussed below. In their paper, they calculate snow depth in RiSCAN using their Above

Ground Level (AGL) tool. Using this workflow and comparing snow depth changes, they

were able to identify areas of snow accumulation and decrease. The remnants of two slab

avalanches were clearly identified and wind redistribution of snow can be seen throughout

the scans. They were also able to identify areas of avalanche mitigation efforts as ski cuts

and craters from explosives were evident in the depth changes. This pilot study led them

to conclude that there is potential to use a TLS lidar system to supplement traditional

avalanche mitigation techniques and that a natural next step is to use this technique and

workflow for highway safety and avalanche control operations. This is where our research

becomes relevant. We developed a fit for purpose, user friendly software application that

can be used to expediently identify changes in snow depth and make informed avalanche

mitigation decisions based on the analysis.

2.5 Scan Alignment

As mentioned above scan alignment is a key component in calculating an accurate snow

depth between scans. Since the scans can be treated as 3-D point clouds, iterative closest

point (ICP) was the most natural alignment algorithm to start with. ICP works to align the
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points of the two scans so that the distance between corresponding points between the two

scans, or error, is minimized. This method can be difficult to implement in complex terrain,

so many variations of it have been developed. Zhu and others developed an algorithm to

align complex terrain using ICP and surface normals [32], which sounded promising but could

prove problematic since snow can cause terrain to constantly vary from scan to scan. In 2005,

Chetverikov and others developed the ’Trimmed Iterative Closest Point’ algorithm to align

clouds that may only partially overlap [5]. In 2012, Eo and others were able to apply an ICP

variation to buildings scanned from different views for construction and building purposes

[11]. In 2013, Gressing and others developed a method of finding features by looking at the

points surrounding each point to determine a shape then match those shapes between the

scans [16]. Another ICP variation that could prove useful is the ’Sparse Iterative Closest

Point’ if a tight point spacing is unable to be achieved in the lidar scans [4]. A non-ICP

option that could be used would be a point-to-plane registration when a point cloud would

be aligned to a surface developed from the other point cloud [14]. Our approach was to

first implement the normal ICP algorithm then adjust it as needed to improve alignment

accuracy.



11

CHAPTER THREE

ALGORITHMS

3.1 Introduction

In this section, we present the algorithms developed for our workflow. Lidar scans pose

some unique challenges due to their size. High density lidar scans can be tens to hundreds

of millions of points. This means analysis can and will have a high computational cost. Our

algorithms efficiently handle the data to keep run-time down and ensure the final product is

usable.

3.2 Snow Depth

Snow depth is the primary snowpack property we constructed our software to determine.

Visualizations of snow depth variations across the scans would help snow safety practitioners

to make decisions regarding mitigation measures allowing them to better target their efforts

and better determine the extent of measures needed. For this discussion, we will assume all

the scans are geo-registered and aligned. We will discuss scan alignment in Section 5.2.

Snow depth is defined as the change in height from the ground to the top of a snow

layer measured in the direction perpendicular to the center of the earth, as illustrated by

Figure 3.1 below:

Most lidar systems have local leveling, meaning they automatically set the z-axis to be

perpendicular to the center of the earth making snow depth a straightforward calculation of

the difference in the z-axis. If this were not the case, finding the axis perpendicular to the

center of the earth would prove very difficult as all terrain is unique. In comparing scans,

there would need to be a transformation to global coordinates so that both scans are in the

same reference system and the vertical direction specified. This would require survey-grade
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Figure 3.1: Diagram showing snow depth relative to the slope of a mountain side.

GPS units each time which would be time consuming and cumbersome. Our goal was to

develop an accurate, easy to implement, and time efficient system and workflow that could

be widely used on a daily basis in making mitigation decisions.

Another aspect we accounted for is feature identification and filtering. If the scan being

used as the “ground” or “base” scan has vegetation, boulders, or cliffs, the snow depth

calculation would be sensitive to this causing it to be noisy and also potentially invalid.

Snow depth calculations would be invalid around trees as the branches will interfere with

the lidar scan reaching the ground, and thus giving incorrect calculations. Cliffs would also

pose a problem if a point at the top of a cliff in the “snow” scan is mapped to a point at the

bottom of the cliff in the “base” scan causing the depth calculation to be incorrect. A 30 foot

cliff could then show a snow depth of 30 feet or more. This presents an on-going problem

since the terrain will constantly change with snow accumulation. Due to these identified

error cases, a workflow that could recognize or identify features was needed.
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3.2.1 Scan Comparison

Three different methods, point-to-point, point-to-grid, and grid-to-grid for calculating

snow depth between scans were put forward by Deems and others [7] and are shown in

Figures 3.2 - 3.4. The initial algorithm we tested to calculate snow depth was a point-to-

Figure 3.2: Point-to-point snow depth
calculation visualization. [7]

Figure 3.3: Point-to-grid snow depth cal-
culation visualization. [7]

Figure 3.4: Grid-to-grid snow depth cal-
culation visualization. [7]

point comparison between scans. Since the scans are aligned and the z-axis is perpendicular

to the center of the earth, the points only needed to be compared in the x-axis and y-axis to

find the closest corresponding point in the other scan. Once the closest corresponding point

is found, the depth is calculated by subtracting the z-coordinates.

While this method worked, the computational complexity was costly. If each point in

the first scan had to be compared to each point in the second scan, this approach has a

complexity of: O(n1 ∗ n2) where n1 and n2 are the number of points in scan1 and scan2
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respectively. A kd-tree was then implemented for searching and reduced the run time to:

O(n1 ∗ log(n2)) but this was still a time consuming step as high density lidar scans can be

tens to hundreds of millions of points. Based on the computational cost of the point-to-point

method, we decided that the point-to-grid method would also be too costly.

This left the grid-to-grid comparison method or a fourth method, building a surface

from the scan. A surface could easily calculate the depths as it would be based on a digital

elevation model. Partitioning the scans into a grid and doing a grid-to-grid comparison gave

a few distinct advantages over building a surface. If a surface is used, the digital elevation

model would only reference the positional attributes of the points leaving other attributes,

such as intensity or reluctance, not directly accessible. Partitioning the points into a grid

allowed attributes to be aggregated on a grid cell level and specific points themselves are

still directly accessible if needed.

After we determined that grid-to-grid comparisons would likely be best, the implemen-

tation details were determined. One approach was to grid it by x, y, and z. This meant that

the grid either needed to follow the slope of the mountain or there needed to be grid cells

stacked on top of each other in the z-direction. Upon further consideration, it was determined

that gridding in the z-direction added unneeded complexity. By having a 2-dimensional grid

in the x and y, the algorithm is able to aggregate data points in the grid cells, and more

freely access the points to be used in calculations either individually or averaged across the

cell.

Two implementation considerations were: 1) Do we make a grid for each scan? 2) Do

we only use the points where the scans overlap? We decided that a single grid would work

better due to less computer memory usage and complexity. Each grid cell would then store

each scan’s points separately within itself. For the second question, we decided to make the

grid the size of the extents of combined scans. This means that the maximum distance in
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Figure 3.5: Lidar scan of mountain side
without grid.

Figure 3.6: Lidar scan of mountain side
with grid visualization.

the x-axis is the largest x seen in any of the scans and the minimum distance in the x-axis

is the smallest x in any of the scans. The same is done for the y-axis. By defining the grids

in this way, no potential data is lost by accidentally cutting points out the grid.

Once our approach to formatting and storing the data points was decided upon, we

addressed optimization of the snow depth calculation. Deciding to grid the points allowed

us to more efficiently do point-wise comparison between the scans, but would still be

computationally expensive.

We determined the most computationally efficient way to compare the points within

the grid cells was to aggregate the properties by scan. For snow depth, the calculation is the

average height of the difference between the average height of the new scan, z1, compared to

the old scan, z2:

z1 = 1
n1

∑n1

i=1 zi

z2 = 1
n2

∑n2

i=1 zi

Depth = z1 − z2

This is much less computationally expensive as all that is needed is an average calculation

followed by a subtraction. Two potential issues that arise with gridding the scans are: 1)
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overlooking smaller terrain features in the scan and 2) ensuring depth calculations are not

averaged over too large an area. Both of these are controlled through grid cell size. This was

addressed by using a small enough grid cell size that a snow depth change is not diluted by

averaging over too large an area. Choosing a small enough grid cell size would also ensure

smaller terrain features are not overlooked and would have the added benefit of smoothing

out micro features that could add noise to the snow depth calculation.

3.3 Cliff and Vegetation Identification

Gridding the scans also provides a more direct way to identify cliffs and trees. In order

to get accurate snow depth measurements, trees and cliffs needed to be identified so that

they can be eliminated from the calculation. Two approaches were discussed for achieving

this: 1) point density and 2) height difference. The point density option worked well for

trees. An amorphous cloud on a well spaced point scan would most likely indicate a tree,

however, there was not a clear way for adapting this to cliffs. Using the maximum height

difference within a grid cell would account for both cliffs and trees. A tree or cliff will have

a drastic height change within each grid cell when compared to a normal slope, therefore

comparing the maximum height difference for a scan within a grid cell can identified trees

and cliffs, Figure 3.7. This is the method that was implemented. The height difference used

for identification of trees and cliffs is determined based upon the slope of the mountain and

is discussed further in Chapter 5.

3.4 Alignment

Alignment of the scans may be the most important step of the workflow. The snow

depth calculation that is the central part of the project hinges on the scans being well

aligned. Poor alignment will skew results. Consider, for example, two the scans in Figure
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Figure 3.7: Tree height vs slope height. The maximum height change within the grid cell
(red-dotted lines) is much less for the non-treed slope than treed slope.

3.8. If the correct alignment is for scan 1 to be vertically offset from scan 2 by 1 unit in the

z-direction, and it is rotated or shifted, then what should be a uniform snow depth of 1 unit

could range from 0.5 to 1.5 units or worse. Extrapolating this to a slope with snow, snow

depths would be inaccurate, misleading forecasters and causing potential problem areas to

be overlooked/ignored. The resulting unmitigated avalanche risk increases the risk to the

public.

In the example above, the alignment of those planes is simple and straightforward.

It becomes much more complicated when looking at the terrain of a mountain side. The

features of a mountain side are constantly changing with snow (storm accumulation, wind

effects, melting, etc). The lidar scanner can be used to mitigate much of this alignment
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Figure 3.8: Two scans offset by 1 unit.

difficulty through the use of tie-points. Tie-points are permanent or semi-permanent objects

installed at the scan sites used to align scans. There must be at least three tie-points at

a given location to align scans. Each tie-point will be aligned to itself in other scans of

the same area. For our project, we used small (5 centimeter in diameter) reflective disks

as tie-points. The potential issues that arise with this are: 1) potential error at distance,

2) the ability to install tie-points in complex, dangerous, or changing terrain, 3) size of the

tie-point object needed at distance to accurately align scans.

The potential issues all work together to complicate the problem of alignment. Small

tie-points can easily be installed close to the scanner for alignment. The issue that arises with

this is the error that can be introduced at distance. If there is a small error in alignment of a

scan at 40m distance, this small error will be propagated and grow with distance, potentially

causing it to be significant at a distance of 1 kilometer or greater.

This issue can be mitigated by installing tie-points at varying distances from the

scanner, but another issue arises. All of the areas of interest are complex mountainous
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terrain. This means that there may not be obvious locations to install reflectors. Installing

tie-points on a cliff face means that bracketing or other anchoring means would be needed to

hold them in place which in most cases may not be realistic. Trees do not make a good long

term option as they can grow from season to season and snow accumulating around them

may cause slight shifts which can cause alignment errors.

Even if tie-points can be installed farther away, another issue is the size of the tie-

point needed. For our reflectors, at 1km the diameter of the reflector that is needed is

approximately 1 meter. It can be difficult to find sufficient mount points for reflectors this

large.

Due to the potential issues of using tie-points, other potential workflows for alignment

were evaluated. To overcome this, we used an Iterative Closest Point (ICP) algorithm to help

align scans [2] [19]. ICP algorithms can be used to align point clouds with corresponding

features. They work by mapping a point cloud 1 onto point cloud 2. The angle between the

mapping and the needed shift to align the scans based on that mapping is calculated to get

a best match. This process is repeated until the error between the mapping is below the

desired threshold. The ICP algorithm was developed and is detailed below.

The ICP algorithm iteratively calculates the rotation and translation need to align

the points of scan1 to the corresponding points in scan2. This calculation is based on the

equation:

scan2 = R ∗ scan1 + t

where R is the rotation matrix to rotate scan1 to scan2 and t is the translation needed to

move the two scenes together. The outline of the ICP algorithm implementation is:

The second step of the algorithm finds the closest points between scan1 and scan2.

This can be a computationally costly step so a kd-tree is used to search the scans and assign

the points. As mentioned earlier this has a run time of O(n1 ∗ log(n2)) which is better than



20

searching point by point, O(n1 ∗ n2).

Step 3 calculates the rotation matrix and translation needed to align scan1 to its

corresponding points in scan2. To do this we first calculate the centroid of each scene:

µi = 1
‖ni‖

∑ni

j=1 pj

where µi is the centroid of scene i, ni is points in scene i, and pi is the coordinates of point

j in scan i. We then normalize the points of each scan about its centroid:

p′j = pj − µi

which will cause the point sets to become zero mean. For each scans’ normalized points, p′j,

we compute the nine possible products of the two vectors:

Sxx =
∑Np

i=1 p
′
xj ∗ y′xi, Sxy =

∑Np

i=1 p
′
xj ∗ y′yi, Sxz =

∑Np

i=1 p
′
xj ∗ y′zi

Syx =
∑Np

i=1 p
′
yj ∗ y′xi, Syy =

∑Np

i=1 p
′
yj ∗ y′yi, Syz =

∑Np

i=1 p
′
yj ∗ y′zi

Szx =
∑Np

i=1 p
′
zj ∗ y′xi, Szy =

∑Np

i=1 p
′
zj ∗ y′yi, Szz =

∑Np

i=1 p
′
zj ∗ y′zi
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and compute the matrix, N :

N =



Sxx + Syy + Szz Syz − Szy −Sxz + Szx Sxy − Syz

−Szy + Syz Sxx − Szz − Syy Sxy + Syx Sxz + Szx

Szx − Sxz Syx + Sxy Syy − Szz − Sxx Syz + Szy

−Syx + Sxy Szx + Sxz Szy + Syz Szz − Syy − Sxx


Once N is computed we calculate the eigenvectors and values. The quaternion representing

the rotation, R, is the eigenvector corresponding to the largest positive eigenvalue of N. The

translation, t, is then calculated by taking the difference between the centroids of scan1 and

scan2. After the translation and rotation have been applied scan1 is remapped to scan2 and

the error between the points is calculated. If the error is less than the ErrorThreshold, the

match is done, else repeat the process.

The ICP algorithm was implemented and first tested on synthetic objects, such as cubes

and pyramids. This gave initial confidence in the algorithm, and the next step was to test

on real scans. Applying this to complex mountain terrain is difficult as each scan will be

slightly different due to changes in features due to snow accumulation. Strategies to account

for this will be discussed in the Discussion section of the paper.
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CHAPTER FOUR

SOFTWARE

4.1 Overview

The ultimate goal of this project was to build a software product that forecasters can

use to make avalanche mitigation decisions. We built a software product that is streamlined

for the workflow and user-friendly with the ability for future changes and functionality to

be added. In this section we will discuss the Python libraries used, the structure of the

software and how all the components interact. We then go into more detail about the

layout, functionality, and purpose of each window. The software package can found here:

https://github.com/pottsen/LidarViewer.

4.1.1 Python Packages

We used the following pre-built Python libraries to aid in the analysis of the lidar

scans. These allowed added functionality without the time consuming step of building from

the ground up.

4.1.1.1 Laspy Most lidar scans are in the .las file format. The software was built to use

this file format. We chose LasPy to make handling .las files easier as this package provides

a pre-built functionality for file reading, modification, creation, and saving.

4.1.1.2 VisPy We used VisPy for visualizing the 3D point clouds. It can leverage the

computational power of modern graphics processing units (GPUs) power through OpenGL.

This allowed us to have built in features with support and documentation making it easier

to use and implement. Building this from the ground up or trying to use OpenGL directly

https://github.com/pottsen/LidarViewer
vispy.org
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would have been time consuming with a steep learning curve. VisPy also gave us the basis

for our point selection tool that we use to select data points within our software.

4.1.1.3 PyQt5 PyQt5 is a python library that allowed us to use Qt to build the software

API (Application Programming Interface). This is the library used to make the application

window and functional buttons to load in the data and run the algorithms.

4.1.1.4 Numpy and SciPy The computational python packages, SciPy and NumPy, are

used in our software. They are powerful computational packages that help us to efficiently

process and manipulate the lidar data.

4.1.2 Software Design

The software structure can be broken into four different groups of components:

Windows, Managers with File Object and Data, Grid, and Scene. The full structure can be

seen in Figure 4.1.

4.1.2.1 Windows The Window components are the visual containers for the software

and are highlighted by red borders in Figure 4.1. The Master Window is used to hold and

display the Cropping Window, Alignment Window, and Depth Window as tabs and initialize

the File Manager. The Cropping, Alignment, and Depth windows handle the visual aspects

of interacting with the software and pass along the user inputs to the other components.

4.1.2.2 Managers and File Object The Manager components handle and manipulate

the scans and are highlighted by green borders in Figure 4.1. The File Manager stores scans

(.las files) as the Las Data component and acts as the central source for the other managers.

The Cropping, Alignment, and Depth Managers access scan data through the File Manager.

This allows the file manager to push any changes made in one of the windows/managers to

the other managers, and ensures the individual managers are always using the most updated
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Figure 4.1: Diagram showing data flow between components of the software. Red borders
signify the Window components. Green borders signify the Managers and File Object
components. Orange borders signify the Gridding components. Blue border signifies the
Scene components.

scans. The Cropping, Alignment, and Depth managers all have unique actions that allow

them to manipulate the scan data to accomplish their specific functions. The File Object is

used to make the unique file options that are displayed in each of the windows.
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4.1.2.3 Grid The Gridding components are used to create the grid and grid cells, and

store each point and its data from the scans. They are highlighted by orange borders in

Figure 4.1. The Grid component contains all the needed functions to create the grid cells,

identify trees, calculate depth, pull data, determine point colorings, and more. The Grid

Cell component stores all the point data, whether the cell contains a tree or cliff, the snow

depth value, and more. The Point component stores all the needed data of individual points,

such as xyz-coordinates, intensity value, index location in the scan, and RGB coloring values

for display.

4.1.2.4 Scene The Scene component is what displays the scans with the desired point

colorings and is highlighted by the blue border in Figure 4.1. It allows the user to interact

with and inspect the scans. It has a point selection functionality that allows the user to

select specific areas and get data such as depth and intensity for that area.

4.1.3 Overall Windows Layout

Each of the windows has the same overall layout which can be seen in Figure 4.2. The

left side, highlighted by the red box, contains the data analysis options for each window. The

options will vary depending on which window is currently being used. The bottom of the

window, highlighted by the blue box, is the message output. This is where alerts/messages

or stats will be printed out for the user. These messages could include warnings or errors if

something else needs to be specified for the analysis. The plot area, highlighted by the green

box, is where the points will be plotted for viewing and manipulation.

Each window has unique data analysis options based on the purpose of the window.

The only button they all have in common is the ‘Load Scan’ button. This button is used

to load in the different scan files. A scan loaded in from any window will be available for

selection in all the others. The buttons below are unique to each window. They perform the
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Figure 4.2: Graphical User Interface (GUI) Layout. The orange box in the top left highlights
the tabs for navigation between the different windows. The red box highlights the data
analysis area of the windows. The green box highlights where the scans will be plotted. The
blue box highlights where messages and information will be printed.

specific actions for each window on the lidar scans.

There are tabs at the top left of the application, highlighted by the yellow box in

Figure 4.2 that allow the user to switch among the different windows. The three different

windows are labeled ‘Crop’, ‘Alignment’, and ‘Snow Depth’. Each window represents a part

of the workflow involved in preparing and adjusting scans to calculate snow depth. The

‘Crop’ window is used to remove points that are not important to the analysis which clutter

the areas of interest. The ‘Alignment’ window is used to align the scans so that accurate

snow depth calculations can be performed. The ‘Snow Depth’ window is the primary analysis

window. It performs the snow depth analysis and can plot the scans based on depth, intensity,
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and/or vegetation.

4.2 Cropping Window

The ‘Crop’ window is used to remove points that are unimportant to aligning the scans

or calculating the snow depth. In the scans, there may be a lot of extra area that is not

important to the analysis. For example, the scan may contain heavily vegetated areas on the

edges of the scan that do not add anything to the analysis. These areas can be removed and

an updated scan file saved. Another use is to remove excess points around an object or area

that is being used to align two scans. For example, lift towers can be great alignment objects.

They are sturdy and unaffected by wind or snowfall, but they can have trees around them

which could affect the precision achievable in the point selection process of the ‘Alignment’

window. Using the ‘Crop’ window we can remove these tree points enabling precise selection

of the lift tower points. Figure 4.3 shows a before shot and Figure 4.4 shows an after shot

of a lift tower with trees around it.

Figure 4.3: Lift pole surrounded by vegeta-
tion before cropping.

Figure 4.4: Lift pole after cropping. The
vegetation has been removed.

The ‘Crop’ window allows the user to crop two scans at once, ‘Crop 1’ and ‘Crop 2’, and

swap between the two using the tabs above the plot area. This way the two scans that are

to be compared can be simultaneously cropped ensuring correspondence. It does not matter
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which scan is designated ‘Crop 1’ or ‘Crop 2’ as this is merely an arbitrary designation for

this window. If only one scan needs to be cropped, just the one scan needs to be selected.

4.3 Alignment Window

The ‘Alignment’ window is used to run the ICP algorithm discussed in the algorithms

section. The ‘Alignment’ window plots two scans at once. The ‘Base’ scan is the scan that

will remain the same, while the ‘Alignment’ scan will be rotated and shifted to find a best

match with the base scan. The ICP algorithm can be run on ‘Cliffs/Veg’ or on user selected

corresponding points between the two scans. The selection of points is additive. This means

that you can keep selecting and adding points until you have selected all the points you

would like to match on. The user can easily swap between the two scans using the tabs

at the top of the plot area, so corresponding areas can be easily be selected and compared

before alignment.

There are two coloring options for the scans. The default option just uses red for one

scan and green for the other scan. The user can also choose to color by cliffs and vegetation.

If this option is selected, the scan will have gray points with cliffs and trees colored in bright

green.

When aligning the scans it is best to use lift towers or other immovable objects that will

not change with snowfall. Cliffs can pose issues because each storm will slightly change how

a cliff face looks making point correspondence harder. This issue and potential solutions will

be discussed in the following discussion section. Figure ?? shows the match improvement

from running the ICP algorithm on lift towers and Figure ?? shows a close up view of one

of the towers.
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Figure 4.5: Match of both lift poles after running the ICP alignment algorithm.

4.4 Snow Depth Window

The ‘Snow Depth’ window is for calculating and visualizing snow depth between aligned

scans. The loaded scans have three potential designations, ‘Ground’, ‘Int. Snow’, or ‘New

Snow’. ‘Ground’ should be either a ground scan with no snow or the oldest scan. ‘Int. Snow’

stands for Intermediate Snow and is intended to be an in-between scan. This scan could be

could be used to track a snow event that the forecaster thinks may have formed a weak layer

in the snowpack to check how much snow has accumulated on it. ‘New Snow’ is the most

recent scan. The ‘Find Vegetation and Cliffs’ button grids the selected scans and flags cells

where it finds vegetation and cliffs based on the criteria discussed in the algorithm sections.

Then the user can plot the scan with the default coloring. Default coloring will color cliffs

and vegetation green and all the other points will be gray, Figure 4.6.

The ‘Calculate Snow Depth’ button will calculate the average snow depth in each grid

cell. Once this is done the scan can be colored by snow depth according to the basis chosen.
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Figure 4.6: Default coloring of scan. If depth has not been calculated the scan will have
vegetation and cliffs colored green and the rest of the points colored gray.

‘Ground’ will be based on the depth between the ‘Ground’ and ‘New Snow’ scan, while ‘Int.

Snow’ will be based on the depth between the ‘Int. Snow’ and ‘New Snow’ scan. For the

coloring, the default color scale with be white for a depth of zero, red for positive changes

with darker red indicating greater change, and blue for negative changes with darker blue

indicating greater change. These shadings can be adjusted using the input boxes to indicate

the desired ‘Upper Bound’ and ‘Lower Bound’ of the shadings. Anything above the ‘Upper

Bound’ will be full red and anything below the ‘Lower Bound’ will be full blue with anything

in-between fading to white respectively. An example of this can be seen in Figure 5.6.

Intensity can be plotted once the selected scans have been gridded and cells with

vegetation and cliffs flagged. The intensity will use the same blue− white− red color scale

as snow depth, but the default shading will have the ‘Lower Bound’ two standard deviations

below the median intensity and the ‘Upper Bound’ two standard deviations above the median

intensity. These shadings can be adjusted using the input boxes to indicate the desired ‘Upper

Bound’ and ‘Lower Bound’ of the shadings similar to snow depth. An example of this can



31

Figure 4.7: Snow depth coloring of scan. Color scale is blue− white− red. Blue signifies a
decrease in depth, white signifies no change, and red signifies an increase in depth. Green
indicates identified cliffs and vegetation.

be seen in Figure 4.8.

In order to do more detailed inspection, the user can select an area of points and

a summary of the property value of the point plotted is printed to a text box on the plot

window. This is meant to be useful for the user as they will be able to get detailed information

on specific areas to aid in the decision making process.
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Figure 4.8: Intensity coloring of scan. Color scale is blue − white − red. Blue signifies
the smallest intensity value, white the median value, and red signifies signifies the largest
intensity value.

Figure 4.9: Red box shows where the summary of the property value currently plotted will
be printed for the selected points.
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CHAPTER FIVE

DISCUSSION AND EVALUATION

In this chapter we will discuss different considerations for our research. The goal is to

give insight to the thought process that went into the algorithms and software development

as well as the challenges faced.

5.1 Grid Tuning

The grid was optimized for cell size and equivalent slope angle for identifying cliffs

and trees. Cell size affects computation time and the resolution of the algorithm to catch

small features in the terrain. Equivalent slope angle affects the sensitivity of the algorithm

to identify trees and/or cliffs. If it is too sensitive, normal slopes will be flagged as trees

and/or cliffs thus overlooking important areas that could have avalanche potential. If it’s not

sensitive enough, trees and/or cliffs will be included in the snow depth calculation leading

to inaccurate results.

5.1.1 Cell Size

Cell size refers to the length of the side of a grid cell within the algorithm. Grid cells

are all square, so for example, a one meter cell is one meter by one meter. The run times for

different cell sizes are different, but not significantly so. A cell size of 0.25 meters has the

longest computation time while 2.5 meters has the shortest, Table 5.1.

The complexity of making the grid is given by:

O(max(n1, n2, |grid|))

where |grid| is the number of grid cells, n1 is the number of points in scan1, and n2 is the

number of points in scan2. The number of grid cells will increase with smaller cell size, and
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Cell Size (meters) 5 2 1 0.5 0.25

Average Computation Time (seconds) 14.86 14.86 15.09 15.07 16.97

Table 5.1: Computation times for creating the grid and adding scan points to it with differing
cell size.

could dominate, but it is not likely to exceed the the maximum number of points in the

scans.

We cannot only use computation time to optimize grid size, because visual inspection

shows that smaller grid cell sizes can better identify cliffs and trees. Consider the two scans

below, the 0.5 meter cell size identifies the trees in the circled areas while the 5 meter cell

size misses the trees in the circled areas:

So when choosing cell size we cannot base our decision on computation time alone. We

Figure 5.1: Green indicates identified vege-
tation or cliffs with a grid of size 5 meters.
The circled areas show areas where we are
not identifying trees that exist.

Figure 5.2: Green indicates identified vege-
tation or cliffs with a grid of size 0.5 meters.
The circled areas show areas where we are
identifying trees that exist with the 0.5
meter grid cell vs the 5 meter grid cell.

decided to go with a cell size of 0.5 meters, as it shows good identification properties of

smaller features while being slightly less computationally expensive when compared to 0.25
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Figure 5.3: Avalanche probability by slope angle. [26]

meters.

5.1.2 Equivalent Slope Angle Tuning

The method for tree and/or cliff identification is dependent upon the height difference

chosen for comparison. The key is to choose a height difference that will catch trees and/or

cliffs, but not incorrectly flag slopes and vice-versa. To do this, slope angle was a key feature

taken into consideration. Slope angles can be grouped into ranges based on their propensity

to cause an avalanche

Based on this, we calculate the maximum height difference in a grid cell, hmax:

hmax = zmax − zmin.

where zmax is the maximum z-coordinate and zmin is the minimum z-coordinate, and then

compare it to the height difference of a slope angle equivalent to 60 degrees:

hequiv = lcell ∗ tan(60◦).
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where hequiv is the equivalent height difference for a 60◦ slope, and lcell is the grid cell size. If

the maximum height difference, hmax, is greater than the equivalent height difference, hequiv,

the grid cell is considered a vegetation or a cliff and is flagged by the algorithm.

Figure 5.4: Green indicates identified veg-
etation or cliffs with a 38◦ equivalent slope
angle threshold.

Figure 5.5: Green indicates identified veg-
etation or cliffs with a 60◦ equivalent slope
angle threshold.

From Figure 5.4 and Figure 5.5, it can be seen that the slope degree has a significant

effect on what is flagged as vegetation. In Figure 5.4, a 38◦ slope is used and much of the

areas flagged are open slopes that could slide. While in Figure 5.5, 60◦ slope is used and

only areas of cliffs or trees are flagged.

5.2 ICP Testing

Applying the ICP algorithm to complex mountain terrain can be a difficult task. Snow

events will constantly change the landscape. Because of this, the best landmarks to use for

the ICP algorithm for a given terrain area would be the cliffs and/or vegetation in the scan

as they should change the least between scans. The cliff and vegetation algorithm discussed

earlier is easily used to filter the scans down to only vegetation and/or cliffs. Also, the initial

guess, or starting alignment, will be very important for the ICP algorithm match. If scan1

and scan2 are not overlapped to begin with the algorithm could be unable to find a match.

The solution for this is to use tie-points when taking the scans. Tie-points are permanent
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or semi-permanent objects installed at the scan sites used to align scans. There must be

at least three tie-points at a given location to align scans. Each tie-point will be aligned

to itself in other scans of the same area. This would get the scans as close to alignment as

possible, then we could use the ICP algorithm to get the final alignment.

For our project, we used the Riegl VZ-6000 lidar scanner which comes with the Riegl

RiSCAN software package. The Riegl RiSCAN software package has the built in ability to

align scans into a shared coordinate system using tie-points. We used small reflectors 50

millimeters in size placed around the scan area at a distance of less than 40 meters for our

tie-points. The Riegl RiSCAN software can recognize these reflectors then tie each of the

reflectors to itself between the scans overtime.

This created a few aspects to be tested: 1)How closely will the tie-points/reflectors

align the scans? 2) How well aligned do the scans need to be for the ICP algorithm to work?

3) Will cliffs and trees work for matching? 4) Would more specific point selection be needed

to get corresponding areas? 5) Can man-made objects, such as lift towers, be used to match

on?

5.2.1 Same Day Scan Comparison

The first field collected scans were from the Yellowstone Club Ski Resort on December

5, 2019. Two scans were taken of the ridge from different locations. The first location was on

the ground next to a mid-mountain lift shack and the second location was approximately 200

feet away on the wooden deck of the same lift shack. These scans from the same day should

have the least amount of difference in features as they were taken one after the other on a

day with no precipitation and give a basis for the the accuracy of our alignment workflow.

We used reflectors to align the scans into the same coordinate system and then used the ICP

algorithm. Two sets of corresponding areas were tested from the different scan locations.

We then compared the error of corresponding points before and after. The reflectors were
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Cliffs on Looker’s Right Scans: Lift Shack on Looker’s Left Scans:

Avg. Error (cm) (%) Change: Avg. Error (cm) (%) Change:

Initial: 3.29
64%

4.04
65%

Aligned: 1.18 1.41

Table 5.2: Error results for aligning December 5 scans of the cliffs on looker’s right of the
ridge and the lift shack on the looker’s left of the ridge at Yellowstone Club.

able to align the scans within four centimeters of error. We were able to decrease this error

by more than 60% with our ICP alignment algorithm.

These results showed a lot of promise, but there were still other scenarios to test: How

would the reflectors and alignment algorithms do on different days (with different snow

accumulation)? Could scans be aligned without reflectors?

5.2.2 Different Day Scan Comparison

Testing of the ICP algorithm on scans from different days is the next step in the

alignment workflow testing. Scans from different days will have more differences between

corresponding features than scans from the same day. We took another scan of the

Yellowstone Club ridge from the wooden deck of the lift shack on December 10, 2019

and aligned it with the December 5, 2019 scan taken from the same wooden deck. We

used reflectors to align the scans into the same coordinate system and then used the ICP

algorithm. We saw that the error was 5.5 cm using just the reflectors and decreased by 13%

to 4.9 cm after running the alignment algorithm on the scans.

Based on these results we drew two conclusions: 1) the reflectors seem to do a very

good job of getting the scans initially aligned and 2) scans from different days may need

more than trees and cliffs to align on.
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Cliffs on Looker’s Right

Scans - Dec. 5 vs Dec.10:

Avg. Error (cm) (%) Change:

Initial: 5.58
13%

Aligned: 4.86

Table 5.3: Error results for aligning December 5 and 10 scans of the cliffs on looker’s right
of the ridge at Yellowstone Club.

5.2.3 Intensity Filtering

Another modification we tested with the ICP algorithm was running the ICP alignment

algorithm on cliffs only. We hypothesized that including trees as part of the match could

be introducing error since trees can show up in scans as amorphous objects due to the low

density of their leaves and branches. For this reason, in aligning two scans, none of the tree

points would actually correspond directly to each other. This was not the case for cliffs, since

a cliff face is a solid wall. To isolate cliffs only, we filtered the scans based on the intensity

value of a scan point. Trees have a low intensity value so the lower returns of the scan were

filtered out to leave only the cliffs behind. This modification performed 2-3% worse than

including both trees and cliffs, Figure 5.4. An undesired side effect of the intensity filter was

that it also filtered out metal objects, such as lift towers and bomb lines, which were very

good for matching. Also, the approach of filtering out trees and objects of lower intensity

could be problematic for scans that have fewer cliff features leaving minimal points to align

the scans.

5.2.4 Alignment Without Reflectors

We also evaluated the ICP algorithm without first running the initial tie-point/reflector

alignment. If the reflectors proved unnecessary the process would be very versatile, and any
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Table 5.4: Percentage error change for aligning December 5 scans of the cliffs on looker’s
right of the ridge and the lift shack on the looker’s left of the ridge at Yellowstone Club with
and without the intensity point filter.

December 5

Scans

Cliffs on Looker’s Right Scans : Lift Shack on Looker’s Left Scans:

(%) Change: (%) Change:

No Filter: 64% 65%

Intensity filter: 62% 62%

mountainous area could be scanned and then aligned for analysis. To test this, we used

scans from Bear Canyon which is an old single lift ski area near Montatna State University.

We did not use reflectors in these scans and instead tried to align the scans with just the

ICP algorithm. We found the algorithm did not work well by itself without the initial

tie-point/reflector alignment.

From these results, we saw the algorithm was highly sensitive to initial alignment. The

scans needed to be rather closely aligned to begin with if a good match is to be found. This

test also led us to think about other options for improving the ICP alignment. Bear Canyon

has lift towers with a shape and appearance unaffected by snow accumulation over time.

We concluded that if we could add in a point selection feature for matching, we might be

able to get an accurate match without the initial tie-point/reflector alignment by selecting

corresponding objects or areas between scans.

5.2.5 Point Selection on Man-Made Object

Being able to select exactly which points to match between the two scans should make

it easier to match between scans. This functionality especially makes sense for scans with

man-made objects in them such as lift towers, lift shacks, or bomb-lines because we know

that these objects will directly correspond. This potentially would also provide a way to

match scans that do not have reflectors in them.
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We first tested this on the scans from Bear Canyon that did not have reflector alignment.

These scans contained lift towers that are prominent in the scans and an obvious match point.

These scans showed a 98% decrease in their alignment error. Figure ?? and Figure ??, show

how the match of the lift towers improved. Figure 5.7 and Figure 5.8 show the improvement

of the snow depth map. In the before screenshot, Figure 5.7, the blue shading indicated

a decrease in snow depth which is not possible given that one scan is bare ground in the

summer and the other is from the winter when snow covered the slope. The consistent red

color in the after picture, Figure 5.8 indicates a positive snow depth and corresponds to the

snow that was covering the ground in the winter.

Figure 5.6: Match of both lift poles after running the ICP alignment algorithm.

5.2.6 Point Selection on Natural Features

Point selection can also provide a way to select corresponding cliff bands to match

giving better alignment overall. This was tested on scans from the Yellowstone Club taken

on May 28, 2020 and June 30, 2020. However, using cliffs to align scans in this way increased
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Figure 5.7: Snow depth coloring at Bear
Canyon before running ICP alignment al-
gorithm.

Figure 5.8: Snow depth coloring at Bear
Canyon after running ICP alignment algo-
rithm.

the error of the match by 165%.

The error increase is most likely due to the cliffs being complex terrain and differing

slightly from scan to scan due to changes in snow coverage or scan angle. This has

implications regarding when user specific point selection is appropriate. When using point

selection, the user will most likely be aligning with fewer points. Because there are fewer

points, the corresponding areas need to be very distinct as any small differences will be

amplified by the ICP algorithm. This would explain why cliffs which can slightly change

between scans would cause worse alignment than a lift tower or other man-made object

which would not change between scans.

Summarizing these findings, we found that point selection for the ICP algorithm should

be used on man-made objects if needed to help alignment between scans. Point selection

should not be used on cliffs or trees unless a significant area is being matched so the small

changes that occur between scans will be spread across the entire scan area.

The best practice for alignment is to use tie-points/reflectors to align scans taken at

different times. If this initial alignment is not accurate enough, the ICP algorithm can be

used and best results are obtained by using point selection on man-made objects.
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Figure 5.9: Photo of the test slope at Bridger Bowl above the Alpine chair lift.

5.3 Snow Depth Evaluation and Workflow Testing

During the winter 2019/2020 season, we took scans of the ridge at Yellowstone Club.

This allowed us to test our alignment workflow and ICP algorithm as the ridge contains

complex mountain terrain which we discussed above. We were unable to verify the snow

depth algorithm at this site. We tried using survey grade GPS units to mark spots where

we used probes to get actual snow depth data, but we were unable to reference the specific

GPS locations on the ridge to the scan itself to compare the actual snow depths to algorithm

predicted snow depths.

For the winter 2020/2021 season, we tested our workflow at Bridger Bowl Ski Area.

The test location was a slope above their Alpine Lift, Figure 5.9. This area provided easy

access allowing us to get multiple scans a week and Bridger Bowl let us store the scanner on

site. This gave us the opportunity to verify our snow depth algorithm and the opportunity

to run our full workflow in the expected operational environment. The Bridger Bowl test site

was visited five times during the month of January 2021 and three times during the month
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of February 2021.

The test slope at Bridger Bowl is immediately adjacent to the top of the lift. This

proximity allowed us to develop a new strategy for verifying the snow depth algorithm. We

were able to set out markers each time prior to scanning that would be visible in the scan.

Once the scan was done, we would probe the snow directly in front of the marker to get a

snow depth measurement. We would then navigate to the markers in the scan and use the

snow depth selection tool to select the snow depth values directly in front of the marker and

compare to the probed values to the algorithm calculated values.

In August of 2020, we obtained a summer/ground scan of the test slope. We ran the

Riegl VZ-6000 scanner with the Riegl’s RiSCAN software and aligned the summer scan to

the snow scan using reflectors as tie-points with RiSCAN for the initial alignment of the

scans. We found that the initial alignment was very good and no further alignment from the

ICP algorithm was needed.

Analyzing the first January scans, the estimated algorithm depths were not lining up

with the ground truth probing at the markers. Many times the depths of the selected points

around the markers were reading as zero in areas where there should have been no zero

depths. Initially we suspected the cause to be minor vegetation, tall grass, making the

surface seem higher than actual. Following this reasoning, we inspected the ground scan

and found that, while there was minor vegetation, it was not tall enough to cause the areas

of zero depth we were seeing. We did notice that the ground scan had areas of lower point

density and shadowing. Shadowing occurs if there is an object that was prominent enough

to block the light from the lidar scanner from reaching the area directly behind it. We found

that rocks, boulders, grass and small vegetation were causing shadowing in our ground scan.

Figure 5.10 shows this phenomenon. This point density and shadowing effect will cause

many cells to not contain points from the ground scan and snow scan to calculate a snow

depth from. The cells missing points can be seen in Figure ??. The light blue areas are
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Figure 5.10: Lidar scan of the test slope at Bridger Bowl. The circled areas show the areas
of missing points in the “Ground” scan due to shadowing.

cells that are missing points from one or more of the scans and therefore cannot calculate

an accurate snow depth.

This led us to suspect that the algorithm was incorrectly accounting for the cells’ missing

points from one or more of the scans. Upon investigation, we determined that the default

value for snow depth in a cell is zero, and if the cell had no points from one or more of the

scans, this default depth was never updated and was incorrectly factored into the average

depth calculation. A check was added to the snow depth algorithm to make sure that points

from both scans are present within the grid cell before calculating the snow depth for that

grid cell, and cells with no points are not included in the depth reporting. With the check

added, the error of the algorithm prediction from the probed depth decreased significantly.

In the first five visits to test site, the average error was −16.5 centimeters. (Note: The

negative error implies that the algorithm was underestimating the depth by that much)

We then needed to answer a three questions regarding the error: 1) Is the error
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consistent in offset or a percentage of snow depth and can we explain why? 2) Is there

a better method to calculate snow depth within the cell besides simply averaging the points

from each scan in each cell? 3) Does slope angle affect the error?

As we investigated the error to determine if it was consistent in offset or a percentage of

snow depth, we noticed that there were some outliers. The Table 5.5 shows examples of this.

On January 11th and January 22nd, there are multiple outliers of error −19 centimeters up

to −38.2 centimeters. While on January 14th, the error is much more consistent and no

more than −14.2 centimeters. This is a significant swing. Between these different scan days

there was minimal snow accumulation, so it would be expected for the error to remain fairly

consistent between these scans. It was hypothesized that when probing to get the actual

snow depths the probe was penetrating into the ground if too much force was being used.

For the final three February scans, less force was used when taking the probe depth and a

pit was dug in the snow to the ground and the depth measured to verify the probed depths

at each marker. The probe depths aligned closely with the pit depths giving confidence in

our measurements and consistent accuracy.

Over the final three scans, the test site at Bridger Bowl accumulated over 100

centimeters of new snow. This provided us the opportunity to answer question 1 above. Table

5.6 gives the ‘Actual Depth’ on the days, and the algorithm calculated average depth, ‘Cell’s

Average Calculated Depth’ and the algorithms calculated maximum depth, ‘Cell’s Maximum

Calculated Depth’. The error of the algorithms on each of these days is in parenthesis. Based

on the ‘Actual Depth’ (this is the average depth found by digging at each marker on the

specified date), snow had accumulated between each scan, but the average error of the ’Cell’s

Average Calculated Depth’ is consistent around, −12.0 centimeters. This suggests that the

error is consistent in offset or ‘absolute’ error regardless of snow accumulation. The consistent

offset is most likely due to vegetation effects in the ground scan.

This explanation is reinforced by the ‘Cell’s Maximum Calculated Depth’ (the maximum



47

Table 5.5: Table of the error between the ground truth and the snow depth algorithm on
January 11, 14, and 22. The error outliers are signified by “**”.

Date
Avg Cell

Error (cm)

1/11/2021

-8.2

-35**

8

-6.4

-38.2**

1/14/2021

-0.8

-14

-2

-14.2

-11.8

1/22/2021

-6

-15.8

0.2

-28.4**

-19**

-14.8
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calculated cell depth in the selected area) underestimating the snow depth with an average

error of −4.3 centimeters. If the maximum depth observed in the cells of the area where

the ground truth was taken was equal to or greater than the ground truth depth, this would

suggest the error was due to terrain fluctuations. Since the ‘Cell’s Maximum Calculated

Depth’ was consistently less than the ground truth, we were most likely not fully accounting

for vegetation in the algorithm.

Table 5.6: Algorithm’s calculated snow depth compared to actual snow depth. The error
from the different sample days had no evidence of being statistically different. (2/2/2021
sample size = 6, 2/4/2021 samples size = 6, 2/9/2021 sample size = 5)

Actual Depth (cm)
Cell’s Average

Calculated Depth (cm)

Cell’s Maximum

Calculated Depth (cm)

2/2/2021 79 67.4 (-11.6) 71.8 (-7.2)

2/4/2021 103 91.4 (-11.6) 100.4 (-2.6)

2/9/2021 187 174.3 (-12.7) 183.9 (-3.1)

Averages 123 111.0 (-12.0) 118.7 (-4.3)

Figures 5.11 and 5.12 below show how the error is most likely introduced from

vegetation, grass or small shrubbery. The snow depth algorithm averages the z-coordinates

of the points from each scan within a cell, and it is likely that this average is artificially

raising the ground surface when taking the average z-coordinate value within the cell to

calculate the depth. Figure 5.11 shows how this can affect the depth calculation, as true

ground will be at the bottom while the averaged ground will be somewhere above it due

to the vegetation. Figure 5.12 shows the snow surface. The snow surface is almost always

smooth and consistent unless there is an avalanche debris pile or ski tracks.

We further investigated this to determine if the error is due to vegetation in the ‘Ground’

scan. We calculated the snow depth to the ‘Ground’ scan for the February 2nd scan and
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Figure 5.11: Ground surface vegetation ef-
fects on depth average.

Figure 5.12: Snow surface effects on depth
average.

Table 5.7: Comparison of two methods for calculating snow depth difference between two
snow scans at four locations.

Location

1 2 3 4

Difference of Total Depth (cm) 78 93 98 99

Direct Calculation (cm) 79 91 98 99

the February 4th scan, and then subtracted the February 2nd scan depth from the February

4th scan depth. This is given by ‘Difference of Total Depth’ in Table 5.7. If the error is

from vegetation in the ‘Ground’ scan, taking the difference in depth will cause the error to

cancel out. We then used the algorithm to directly calculate the snow depth between the

February 4th scan and the February 2nd scan. This is given by ‘Direct Calculation’ in Table

5.7. We compared these depths at 4 corresponding locations. If the ‘Difference of Total

Depth’ and ‘Direct Calculation’ are similar, then the error in the depth calculation will be

from the vegetation in the ‘Ground’ Scan. The Table 5.7 below shows that the ‘Difference of

Total Depth’ is almost exactly the same as the ‘Direct Calculation’. This further supports

the theory that vegetation in the ground scan is causing the error between the snow depth

algorithm and the ground truthing. It also shows that if the scans being compared both

have a relatively smooth surface, the algorithm gives an accurate result.



50

We now answer the question: Is there a better method to calculate snow depth within

the cell besides averaging the points from each scan? The results in the Table 5.7 indicate

that, given smooth surfaces, the algorithm is accurate, but there could be a better way to

account for depth if there is vegetation in the ‘Ground’ scan. One possible way to better

account for vegetation is to use the minimum z-coordinate value in each cell from the ground

scan. We tested this by calculating snow depths using the minimum z-coordinate value in the

ground scan, and then calculating the snow depth using the average snow scan z-coordinate

and the maximum snow scan z-coordinate. Table 5.8 below shows the results of this analysis.

The comparisons above show that for a ‘Ground’ scan with vegetation, taking the

minimum z-coordinate value can reduce the error. Based on this, the best practice found

was to use the depth calculated by the minimum ground z-coordinate if the ‘Ground’ scan

has small vegetation in it and to use the depth calculated by the average ground z-coordinate

if the ‘Ground’ scan contains a smooth surface.

We also investigated whether other factors, such as slope angle, can influence the error

as well. Figure 5.13 shows how slope angle can affect the error. At higher slope angles the

error decreases significantly. The errors were binned and averaged in intervals of 10 degrees

such that, 0-10 degrees, 11-20 degrees, and 21-30 degrees were used. The 21-30 degree

interval has one-third to one-fourth the error of the 0-10 degree and 11-20 degree intervals

respectively. This analysis is encouraging as most slopes of interest will be 20 degrees or

greater meaning the error due to slope angle should be relatively low.

The slope angle analysis was only done for a ‘Ground’ scan with vegetation. We did

not have actual slope angle measurements for the analysis and the comparison done in Table

5.7, but the slope angle in the at least one of areas analyzed is from each of the bin intervals.

Because there is little to no error between the two scans with a smooth snow surface, it

suggests that error effects due to slope angle would not be significant if smooth surfaces are

used in the algorithm.
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Table 5.8: Minimum ground z-coordinate depth vs. average ground z-coordinate depth.

Date Slope Angle
Avg G, Avg S -

Avg (cm)

Min G, Avg S -

Avg (cm)

2/2/2021

25 -5.8 -0.8

27 -4.2 -0.2

17 -15.8 -14.8

6 -15.2 -17.2

6 -12.8 -10.8

3 -15.6 -10.6

2/4/2021

22 -5.4 1.6

26 -10.8 -5.8

24 -14.6 -16.6

14 -15.6 -13.6

7 -9.4 -7.4

5 -13.6 -13.6

2/9/2021

26 -5.6 0.4

23 -8.2 -4.2

13 -20.8 -16.8

13 -14.8 -13.8

5 -14.2 -13.2

Average Error (cm): -11.90588235 -9.258823529
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Figure 5.13: Snow depth error with slope angle. (Sample size 17 measurements)

In summary, we found that the best practices for snow depth calculations were to use

the minimum z-coordinate depth when the ‘Ground’ scan has vegetation, and use the average

z-coordinate depth when the ‘Ground’ scan is a smooth surface. This logic will hold true

when calculating snow depth to the ‘Intermediate Snow’ scan as well.
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CHAPTER SIX

CONCLUSION

6.1 Summary and Best Practices

Avalanches are a very powerful force of nature and can pose a danger to the public,

roads, and buildings in mountainous terrain. Avalanche forecasting is an important part in

mitigating this danger. We developed a software product and workflow for using a terrestrial

scanning lidar system to aid avalanche forecasters in remotely analyzing snow depth in

complex mountainous terrain. The software product allows the user to crop scans, align

scans, then calculate and inspect snow depth distribution between scans. This is important

in avalanche forecasting as snow depth is a key factor for avalanche formation and character

[27] [25]. Through this development, best practices were determined for the workflow to

ensure accurate analysis for avalanche forecasting.

Geo-registration and alignment of scans are imperative for accurate snow depth

calculation between scans. Our workflow leverages tie-point alignment in Reigl’s RiSCAN

software as well as an Iterative Closes Point (ICP) algorithm that we wrote into our software.

We found the best practice for alignment between scans is to use tie-points/reflectors to

align scans taken at different times. If this initial alignment is not accurate enough, the

ICP algorithm could be used and best results obtained by using point selection on man-

made objects. Incorporating tie-points guarantees there will be objects to align on and this

tie-point alignment should provide a robust initial guess for the ICP algorithm to improve

upon. Using the ICP algorithm, scans from the same day showed a 65% improvement in

alignment error and scans from different days showed a 13% improvement in alignment

error. Man-made objects, such as lift towers or lift shacks, can be used for alignment if

tie-points are infeasible or in order to try and improve on the initial tie-point alignment.
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In testing alignment of two scans that did not have tie-points, we got a 98% improvement

in our alignment error by using corresponding lift towers between scans. Further testing

should be done to determine the efficacy of using distinct objects such as lift towers instead

of tie-points/reflectors for alignment of scans.

When calculating snow depth we found that minor vegetation, such as grass or small

shrubs, in the ‘Ground’ or ‘Intermediate Snow’ scan, can affect the accuracy of the snow

depth calculation. The vegetation will cause the depth to have a consistent offset in the area

when averaging of the z-coordinate. This is something to be aware of as the best practice

is to use the depth calculated using the minimum z-coordinate when vegetation is present.

If the two scans being compared have smooth surfaces, such as comparing an early season

snow scan to a current late season scan, the best practice is to use the depth calculated to

the averaged z-coordinate of the ‘Ground’ or ‘Intermediate Snow’ scan.

6.2 Future Work

6.2.1 Alignment

We ran into potential limitations with our alignment algorithm. Further testing should

be done to determine the efficacy of using distinct objects such as lift towers instead of

tie-points/reflectors for alignment of scans. Natural features, such as trees and cliffs, are

constantly changing. Developing an algorithm to accurately align scans in spite of this

would increase the versatility of our workflow.

6.2.2 Intensity Information Gain

My colleague, James Dillon, at Montana State University is doing research to determine

what information can be inferred about the snowpack based on the snow surface reflectance

value in the lidar scans. Incorporating his findings into the software could give forecasters

more insight to make avalanche mitigation decisions.



55

6.2.3 Avalanche Modeling

There is potential to use our software to get input data for avalanche modeling. Based

on the depth of the snowpack and surface characteristics of a buried layer (determined by

the intensity return work James is doing), it could be possible to accurately model the

destructive potential of avalanches.
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