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ABSTRACT

More winter recreationists are ventug into stee@valanche chuteand
Aextr emeod t eandawlance fataitedareiyceasing Theslopescale
spatial variability of weak layemnd slabsnd howit relates to this complexerrainis of
critical importance but poorly understoobh this study, luse terrain parameters to model
potertial trigger locabbns(PTLs) of slab avalanches, which are defined based on slab
thicknesses and presence of weak layers.

In a sampleouloirsand chutesn Montana and Wyomindijeld teamdracked
and mappegersistentveak layers and slabs wignobe sampling Terran parameters
derived from ane meteDEM wereused to explore the relationships betwPai.sand
terrain. Exploratory analysis, multiodel classification trees, and logistic regression
modelssupportstrongrelationships between terrain aRdLs.

Modelingof PTLs washighly successful for individual coulairwith terrain
based model success rates frequently exceeding 70% for depth hoar PTLs and 85% for
nearsurface weak layersHowever, models variedidely from couloir to couloir, with
generally por crossvalidation resultdetween couloirssuggesting thahe relationships
between terrain and PTIus each couloiareunique and highly complex-or these 21
couloirsin steep alpine terrain, parameters relating to wind deposition and scoureng hav
the strongst association with PTLsParameters with the greatest ability to discriminate
PTLsare distance from the edge of a couloir, relagilezation,degree ofvind exposure
anddegree oferrainexpasure. The influences tiiese and othderrain parameters vary,
depending omroaderscale terrain characteristigeior weather patterns, and seasonal
trends.

Practical implications from this study are numeroWith an understanding of
the broader scale influences and physical processesé@uyalie can use terrain to
optimize stability test locations, explosive placements, or route seledti@unique
nature of each couloir means that simple rudeting terrain to PTLwill not apply,
althoughcouloirs in tle samesirquegenerally sharsimilanties. This work increasgour
understanding of how each parameter relates tptiisical processes causing PHr&l
how these relationshigmnvary. This information will help tamprovepractical
decisionmaking abilityas well asuture modeahg efforts



1. INTRODUCTION

Avalanches pose a serious threat to human life and infrastructure in mountainous
areas worldwideln the United States, avalanches kill more people on avaragelly
than earthquakes, landslides, or other mass movegshenbmengVoight et al., 1990Q)
Last winter season, 25 people were killed in avalanches in the United States
(avalanche.org, 20110ne of he best wagto mitigate avalanche deathsais increased
understanding of avalanches and the snowpack.

The majority of avalanche fatalities are the result of slab avala(elv€dung
and Schaerer, 20065lab avalanches occur when a more cohesive slab of snow overlies
a less cohesive weak layer and the conditions in the snowpack are certfdugeak
layer fracture across a sloffechweizer et al., 2003 5now accumulatesnd
metamorphoseis layers that may or may not be continuous at various scabes, fr
centimeterdo kilometers and are often difficult to predicf crucial element for
improving avalanche predictiand mitigations understanding the structure and spatial
pattern ofweaklayersand slabss they interact with the terrain.

Numerousstudies in the past half century have characterized the spatial
variability of snow properties such as penetration resistance, shear staewmigtability
test scoresResults vary tremendously due to differences in scale triplets (support size,
spacing and extent of measurements), field methods, analysis methods, and natural
variability. Schweizer et al2008)provide a comprehensive reviewtbfs previous
work. There has been limited success in predicting and explaining the observed

variability, particularly with regards to terrain. Furthermalge to thechallenging
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nature of working in steep, avalanche terrthese previous studies typlty characterize
the snowpack on uniform slopes less thah 88w snow scientists have attempted to
characterizer predictthe snowpack in the highly variable and complex terrain that many
skiers, snowboarderslimbers,and snowmobileraow venture iio on a regular basis.
The present study is unique in that it looks at spatial patterns of snoalpaekteristics
in complexalpine terrain by sampling patterns of weak layerd slabsn steep, snow
filled gullies, chutes, or couloirsounded on eitheside by rock or treefhereafter
referred to as couloirs for consistehcy

There argwo primaryobjectives for this study. The first is to describe spatial
patterns andariability of variousweak layers and slabs in couloir§econd, explore
how terrain parameters relate to snow wessesnd whichterrain parameters are most
influential for predictingweaknessem this complex terrain The practical implications
of thisresearctwill be more effective avalanche control at ski areas, satgeselection
in steep terraimmore effective selection of snow pit sites for assessing avalanche danger
and improved modeling capabilities for avalanche forecasting

This study examinethe spatial variability oflepth hoar, surface hoar, near
surface facets, and slabsa sample o021 couloirs from the Madison Range of Montana
and the Teton Range of Wyomingllected over two wintersAvalanche pobeprofiles
atnumerougoints describe the stratificatian the snowpack. Based on presence of
weak | ayers and sl abs, the snowTriggerser vati on

Location® PTL9 within each couloir.Exploratory statistical analysislassification
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trees andlogistic regressioshow how PTLs are related to amber of terrain ppdidors

derived fromaone metedigital elevation nodel (DEM).
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2. LITERATURE REVIEW

The release of slabavalanche requires the failure of a weak layreveak
interfaceunderneath anowslab(Schweizer et al., 2003)Weak layers fornthrough
various processes, and a distinction is made betweentshaortveaknesses in the storm
snow that ocur as the new snow accumulasesl persistent weaknessekhe latter,
termedpersistent weak layers, are characterized by snow grains with weak structures that
endure redtively longperiods of timgMcClung and Schaerer, 2006Because of their
long-lived and fragile nature, persistent weak lay@rthe interface above theaneoften
difficult to detectand arghe causesf most avalanchfatalities From a samplef 186
avalanchesSchweizer and Jamies¢2001)found that 82%ailed on a persistent weak
layer. Persistent weak layenshich are the focus of this studyre dassified into three
main typesdepending on the processes that cause their formautio the eésulting grain

type:depth hoar, facets, and surface hoar.

WeakLayers

Depth hoar forms near the base of the snowpaekrasult of strong temperature
and vapogradients andelatively warm temperatures near the groukittamorphism
of grainsin shalow, early seasosnowpack with strong temperature gradiem@nresult
in the growth ofpoorly bondedaind weakaceted or cupped graindlumerous studies
have described the formatipnocesses, rates of growth, gardpertiesof depth hoar
(e.g.,Akitaya, 1974, Bradley et al., 1977; Giddings and LaChapelle, 1962; Sturm and

Benson, 1997)Nearfreezing temperaturegear the groundnd much colder air
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temperatureat the snow surfacare the driving forces behinapth hoar formation, and
research has shown that depth hoar preferentially forms near shallowly buried rocks
(Arons et al., 1998; Birkeland et al., 199%) a study of 90 humatriggered avalanches
in Switzerland, approximately 20% failed in deptrahor at the interface above depth
hoar(Schweizer and Litschg, 20015rom a sample of@lfatal avalanches in Canada,
22% failed on depth ho&damieson and Johnston, 199Bjrkeland(1998)reported that
6% of lage backcountry avalanches investigated in southwest Montana ovetyadive
period failed on depth hoar.

Facetsften formanother dangerous persistent weak laydéwmerous laboratory,
field, and theoretical studies have demonstrated #deats typicky form from rapid
metamorphism near the surface of the snow caused by extreme temperature gradients
(e.g.,Armstrong, 1985; Fukuzawa and Akitaya, 1993; Morstad et al., 2@ivjeland
(1998)describes the dominant proceskesearsurface faceting: diurnal
recrystallization, meltayerrecrystallization, and radiation recrystallization, all of which
require a strongemperature flux near the surface of the snBgcause crusts act as
barriersagainstupward moving water vappfaceting is typically enhanced below various
crusts(Colbeck, 1991) Facets are also frequently found above crusts because of the
latent heat released from freezing wet or moistiayl hefaceting process i&kely
enhanced due to low thermal conductivity of the faceted layer in relation to the crust
(Colbeck and Jamieson, 2001)amiesorand Langevir{2004)showed that faceting
associated with mefteeze crusts can be favoraticertairelevation bands with the

optimal combination of freezing levels for subsequent stor&®riwave and long
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wave radiationas well as snow density and thermal conductivéire linked to facet
formation(Slaughter, 2010Qandaspectsvhere crusts are thickdue to greater solar
radiationfavor facet developmellecause more latent heat is released from the freezing
crusts(Jamieson and Langevin, 2004}oopersteir{2008)found that southern aspects
favored diurnal recrystallization in a field study from southwestern Montana. Larger,
more developed facets are expected to persist longer and take longer to gain strength
(Colbeck, 1998) Failure on a facets account fores 30% of the human triggered
avalanches in the Swiss avalanche datg&etweizer and Litschg, 2005P9% of the
avalancles from the Montana datag@&irkeland, 1998)and 28% of the fatal Canadian
avalanchegJamieson and Johnston, 1992)

Surface hoaalso forms amextremely fragile persistent weak layer. The winter
equivalent of dew, #sefeathery crysta formwhen water vapor sublimates directly
from the air to the snow surfac&he conditions necessary for surface hoar formation
have been the tms of many stiies. Langet al.(1984)demonstrated that the crystal
growth is associated with significantly cooler snow surface temperatures than the
overlying air which is typicalduringclear, cold nights Light air turbulenceand
humidity arerequired for grain growtfColbeck, 1988; Hachikubo and Akitaya, 1997)
Cooperstein(2008)showed that aspect affects the growth of surface hoar, which was
more prevalent on north aspects in southwest Montanadiifdrences in radiation
supply. In addition to validating previous findings, Slaughteal.(2011)showed that
incoming longwave radiatiorandsnow surface temperaturese significant factosin

surface hoar formation.Surface hoar is easily destroyeddignificantwinds, and



.
because dthe difficulty in modeling air turbulenda complex terrain with respect to
bothformation or destructionf surface hoar, it is nearly impossible to forecast for the
presence of surface hoar remotggick et al., 2007)However, inwind sheltered

forested opening®oth Shea and Jamiesof2010)andLutz and Birkeland2011)were

able tosuccessfully model surface hoar growth based on skyview and its relationship to
incoming and outgoing radian. Trees and terrain features shield longwave radiation
emittance angbrevent the rapid cooling of snow surface at night; thus inhibiting surface
hoar growth(Shea and Jamieson, 2010%urface hoar accounted for 31% of the
backcountry avalanches in the Montana datg&atkeland, 1998)41% of the fatal
avalanches in Canaddamieson and Johnston, 199ahdapproximately 20% of the

humantriggered avalanches studied in Switzerl§&dhweizer and Ligchg, 2001)

Spatial Variability

Thespatialdistribution of weak layerandsnow strengtlis a primary concerfor
avalanche prediction and mitigatioBpatial variability of the snowpack at various scales
is a primarysource of uncertainty in avaletme forecastingHageli and McClung, 2004)
Wind during or after deposition of snow is a major agent in causing variaiStiym
and Benson, 2004as well as precipitation, sublimation, radiation, temperature, and
snow metamorphism as they interadth terrain These processes amt orovera range
of various scales, from micistructureto slope to mountain rangadding to the
complexity of the probleniSchweizer et al., 2008)

Conway and Abrahamsdh984)spurred an interest in slope scale spatial

variability with a benchmarkaper analying shear strength measurements in a spatial
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context. Based on highly variable shear strengths measured acrosswati@iand un
fractured slopeghey suggested that weak zones (or deficit zones) of sufficient size may
cause tensile failure, and deparglon the distribution of strong zones (or pinning
zones), the fracture could propagate across the slope to cause an avdtaritieemore,
the average strength of the slope may not be as critical as the minimum strehgth or
size of the deficit zonesTheresearctof Conway and Abrahamsd®984)brought to
guestionthe validity of point stability tests for assessing avalanche daagémumerous
studies followed explorinthe variability of different snow strength or stability tests at
the slope scale

Jamiesorand Johnsto(i1993)performed a series efvenly space®utschblock
tests orsix uniform slopes, free of rock outcrops or abrupt slope changes. They found no
large deviations from the median score @&cores) from 277 tests, asldowed that
97% of their tests fell within +/1 score of the mediain highly contrasting results
Landry et al(2004)compared stability indices aleven uniform slopes and found 25%
to 39% of their sites were not statistically representative of the stability of the slope.

A number of other studies describe the spatial variability of point stability tests on
relatively uniform slopestypically ranging from 25to 40 (Campbdland Jamieson,
2007; F6hn, 1988Hendrikx et al., 2009; Jamieson, 1995; Kronholm and Schweizer,
2003; Stewart and Jamieson, 2Q0R)sparataesuts can be attributea thatural
variability and different field and analysis techniqud%any studies have used different
scale triplets: the support size of each measurement, spacing between measurements, and

spatial extent of all of the measurementsrarteconsistent and cause further variability in
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results(Schweizer et al., 2008)The effects of ghund surfacé@regularities terrain
geomery, depth to failure layer, slope angse|ar radiation, proximity to the ps of
slopesfreesa nd At r dsaowlabing fraandree branckgareall cited as potential
sources of variabilityCampbell and Jamieson, 2007; F6éhn, 1989; Jamieson,.1995)

To further understand the causes of spatial variability in the dhaxper and
Bradford (2003)traced snow stratigraphy @nflatglacier in an attempt to isolate
densification and layering processesnfrthe influences of vegetation, topography, and a
variable basal boundaryhey noted little variabilityacross tens of meteirslayers
recorded in snoprofiles, but observed sitontinuities using higher resolution tools (a
permittivity probe and radamaging) The variability in layers less than 1 cm thick was
credited to primary processes such as wind gusts and changing snowfall rates or crystal
form. Because these primary layers were well preserved, Harper and Bi@®oa)l
S U g g e s tthe dightsgatial variébility in snostratigraphy commonly cited is
typically due to thénfluence of local bondary conditions rather thdeedbacks between
primary and secondary densificatiprocesses alori.This reinforced the idea that
spatial variability on avalanche slopeslis/en bytopography and ground cover.

As the character of spatial variabilitgdame an important parameteriralanche
release modelSchweizer, 1999)more studies attempted to quantify spatial variability
using spatial statisticKronholm and Schweiz€2003)andKronholm et al(2004)
applied geostatistica&chniques to characterize the spatial variability of stability tests
eight slopesnd penetrometqarofiles on one slopeIn nearly half of their samplethey

found large slopeacale trendaccounted for half of the variability test scoreswhich
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waspartly attributed to slab thicknesall of the layers analyzed with a penetrometer
showed significant linear trendsross the slopeshe slope trends imply selection of
stability site location is critical All of the weak layes tracked with the penetrater
could be modeled with semivariograms, but showed a wide range of model parameters.
Like previous studies, their data supports the inference that the spatial structure of a weak
layeror slabis not an inherent property, but rather a product of @atlon in space.
Otherspatial variabilitystudieshavehad varying gostatistichresults again a product of
natural variability, layer type, method, and scalg autocorrelation lengthgere
frequentlyon the order o0 m (Guy and Birkeland, 2010; Logan et al., 2007; Lutz and
Birkeland, 2011 pr poorly definedShea and Jamieson, 2010)

With inconclusive results on the spatial variability of snow and weak layers, t
problem of representat pit selection for assessing slope stability remalBigkeland
and Chabot(2006)d oc ument ed a 19Dt% ldloe d 5r%a thid afl rsem a
3500 stability tests. In other words, one out of ten slopes that were deemed safe by a
stability test vasactuallyunstable, an unacceptable rate whamanlives are at stake.
Birkeland and Chabd2006)recommendligging morewidely spacegits to improve
b ac k c ou n prababilityof fendirng &eaknessesut also notehatthere anbe
large areas of strong snow and tiekely small weak zoneshus a second pihay only
slightly improve the chances of finding the weak zdft@s conceptis supported by field
research{e.g.,Hendrikx et al., 2009; Stewart and Jamieson, 200®@hich clusters of
high strength and low strength have been obserBa#teland et al(2010)used a

statistical approach on 25 previous spatial variability datasets and found that there is no
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optimal test spacing for minimizing the probability of choosing two relatively sfpdng
locations even when layer pe, stability test type, or spatial layout are considered.
Thus, it is critical to target weak areas for pit site selection. While the presence of a weak
| ayer doesnodét necessarily indicate instabi

improves the probability of finding instabilityand abetterrepresentation of the slope

Terrain Influences

Nearly allof thespatial variabilityresearctpoints towards terrain asne ofthe
best and perhaps onJyools for targeting weaknesse§Vhile potential avironmental
causes for the observed spatial variability patterns at the slope scale are frequently
discussed, statistical testingmodelingof thesenfluenceshas beefimited. Exceptions
includeBirkeland et al(1995) Lutz and Birkeland2011) andShea and Jamieson
(2010)

Birkelandet al.(1995)explainedthe spatial variations isnow strengtisurveyed
on two inclined slopesne uniform and one with a more compbkubstrateThe latter
showed a complicated pattern of resistabog the presence of rocks underlying the
snow was found teignificantlydecrease resistangea multiple linear regression model
although the relationship was statistically weak

Sheaand Jamieso(2010)usedGoogle Earth land cover images to model the
effect of trees impinging on sky vieand surface hoar growtiJsing several surface
hoar events from sparsely forested slopes, they used a scaled linear relatietvagm b
averaged grayscale values auniface hoar size to modgirface hoar crystaizeafter a

surface hoar evemrind achievedeasonable resultsThey tested their model onsamilar
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slope for a different event, and found thatorrectly predictedige within 15 mm 60%
of the time

Lutz and Birkeland2011)used the relationship between incoming radiation and
terrain to spatially model surface hoar strength and Sihey used asurvey station to
construct a @ mdigital elevation modelEM) of topography and vegetation of the
field site prior to the first snowfall. A sky visibility model and meteorological parameters
modeled incoming longwave and shortwave radiatiBarfacenoar sizenad significant
linear correlationsvith all of the radiation parameters calculated, and shear strength was
correlated with shortwave radiation. Smaller, stronger surface hoar crystals were
observed and predicted on the portion of the slopeeav(i incoming lorgwave
radiation wagyreater due to readiation from trees (preventing cooling of the snow
surface at night and crystal growth), anilif@oming shortwave radiation wgseater
(inhibiting persistence by warming of the snow surfacéndushe day).

Also noteworthy iBirkelandd €001)work, whichmodeled the relationships of
terrain(coordinateselevation, distance from ridge, radiation, and slope angle) with
snowpackand stability data at the mountain range scallas stud/ found surprisingly
weak correlations with terrain on the first sampling day in February. However, on the
second sampling day in ApritJevation had significant correlation8.28 t00.49) with
all but one of thesnowpack and stability variables. Balistance from ridge and
radiation also had a number of significant correlatiofhen combininghe effects of
theterrainvariablesn multiple linear regression modeho valid models could predict

the stability patterns observed on the first.d&grthe second sampling daslevation,
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radiation, distance from ridge, and east coordinate were all terms that appeared in at least
one of four significant models for the various stabiligfices. Mne of these models
explained more than 30% of the varigniadicating that many more complicating factors
are involved Birkeland(2001)also suggested incorporating wind parameters in future
models and incorporating finscale variabilityinto future analyses

Previousstudiesin weak layer formatin and spatial variabilitpuggest that the
influence ofterrain is a very complex problem. Téeccessful slopscalestudiesof
Birkeland et al(1995) Shea and Jamies@¢2010) andLutz and Birkeland2011)were
in partbecausehey focused on the influence of one or two parameters, or oneftype
weak layer on a simplifiednd specificslope. My goal is to incorporate all of the terrain
parameters at our disposal that can be reasonably determined in the field or from a high
resolutionelevation map tanodel amore complete picturef snowpackevolutionon
complex slopes, including different weak layer typ@&sis type osnowpackmodeling
has never been done befobat a number of studies have correlated avalanche activity
with a collection of terrain parametdisg.,McClung, 2003; Schaerer, 1977)

Of particular interest is the work &fleason1996) who characterized the terrain
of avalanche paths on Lone Mountaind usedeveral of the same slopestlas present
study. Hemeasured terrain parameters in the field and analyzed their influence on over
3500 recorded avalanche even&eason1996)foundthat steepeslope anglsup to
43, higherelevatiors, aspect receiving more solar radiatioand aspestclustered

opposite thegrevailing windare positivelycorrelated to natural avalanche freqexen
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using stepwise multiple linear regressidtie alsodocumented that avalanche frequency
decreases for slopes abové B8cause of continuous sluffing.

Using GeographidnformationSystems (GISjo derive terrain attributes is a
common practice in avalahe studiegMarienthal et al., 2010)For exampleMaggioni
and Grubef2003)definedpotential avalanche release areas usinglyl8erivingslope
angle, proximity to ridges, aspect, curvature, eletationrangefrom 10m DEMs
Theystatisticallyidentifiedmean slope, curvature, and distance to riagthe most
influential parameters in avalanche frequen8iudies that have used GIS to derive
temrain parameters frequently cite poor DEM resolution as a source of inacamdtye
10 m to 30m DEMs commonly usedreinadequate for describing some slope scale
terrain parameter®eems, 2002; Schmid and Sardemann, 2003; Schweizer and
Kronholm, 2007) Thiscurrentstudy is unique in that it useae meteDEM to derive
terrain parameters resolution that has only recently been possible dhiglhe
resolution airborné&ight Detection and Ranging (LIDAR) technolod@resently, the best
DEM source for the wide range of complex terrain features found ilpiree
environment, especially gulleys, is LiDARIopkinson et al., 2009)

The application of DEMlerived errain parameters for modeling snow depth or
snow water equivalent in hydrological studies has had documented sscddtdsough
snow depths not a measure of stabilitstability test scores and snow strength have been
empirically correlated to snow pih (e.g.,Birkeland et al., 1995; Campbell and
Jamieson, 2007; Kronholm and Schweizer, 2003)us terrain parametsmused to

predictsnow deptimay be useful fopredicting weak zonesMost hydrological reseah
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has focused on th@rqueor mountain range scaland terrain predictors are commonly
radiationor aspectelevation, and slope or curvatufe.g.,Bloschl et al., 1991; Elder et
al., 1998) Winstral et al(2002)designed two parameters that effectively predicted the
effects of wind: an index of shelterpasure from upwind terrain to characterize the wind
scalar, and a drift delineator, which used upwind breaks in slapditatezones of lee
deposition. Erickson et al(2005)found that these two wind parameters, @lesation,
slope, and potential radion were all significant predictors of snow dep#ing a
complex mean geostatistical modeling approahkn nonrlinear forms were employed
The wind shelteexpasure index had the greatest affect on predicted snow défitase
parameters

The workof Wirz et al.(2011)is of interest because they characterized snow
depth on a steep rock face at a similar scale and resolution as this\&tuzlt al.
(2011)used a highresolution terrestrial laser scanner to collegteatednow depth
measurements over two seasons. When comparing snow deglitiset@ngle, curvature,
and roughness derived fronoae meteDEM, only weaklinear correlations weréound
(maximum=0.2). Based orcomparisons of totanow deptlobservationgndnew snow
distributiors following snow/wind events and snow only eveti®y concludehat the
wind-terrain interaction is the most dominant prodessnow accumulation onestp
faces Wirz et al.(2011)also observed that overall snow depth distribution patterns were
similar over two winters, but singenow loadingevents had varying patterns from storm

to storm. Furthernte, spatial variabilityon the steep faogas at least 30%nore
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variableandsnow depttwas always lower when comparedatgimilar site with gentler

terrain.

Summary

In summary, persistent weak layers form under a complex regime of
topographical ancheteorological conditions. The spatial variability of these layers and
their properties is well documented lpuedictive ability is very limited. Targeting weak
layers is critical for slope stability assessmanid terrain ishe most realistic tool fo
doing so. The successful use of terrain parameters to model weak layer properties on
several simple slopscale studies as well as snow depth distributions at larger scales
provides optimism for our ability to predisteak zones in more complex, avalaac

terrain.
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3. METHODS

Study Sites

This study collected data from two mountain ranges with unique snow climates:

the Teton Range in northwest Wyoming and the Madison Range in Southwest Montana

(Fig. 1).
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Fig. 1. Study sits in the Madison Range, Montana and Teton Range, Wyoming.
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Big Sky Study Area

Seventeerouloirs were sampled from Lone Mountain in the Madison Range,
near Big Sky, MontanéFig. 2 and Table 1)Lone Mountains locatedb0 km southwest
of Bozeman.Big Sky Resort and Moonlight Basin operate-b#rved ski areas on the
mountain. Lone Mountain is a conicgleakwith several majoridgelines reaching its
summit at 3403 m. The upp&r0 mof the pealconsist mostly of steep talus and scree
above treelindSavage, 2006)While Lone Mountain is situated anregion that is
classified as an intermountain snow climatesnowpacks usually characteristic @t
continental cinatedue to itsrelatively coler anddryer winters(Mock and Birkeland,
2000) Few other peaks in the region appch theslevationof Lone Peaksoit receives
exceptionally strongvindsthat aretypically from the southwest to northwe¥¥inds are
frequently in the 3@0 km/hrrange, gusting in the 8030 km/hr range several times
each seasorPrevailing windsare generally west southwes{Table 1) Annual alpine
snowfall averages 1100 cabtan average snow water equivalent (SWE) of(B#vage,
2006) The cold temperatures and low snowfall lend themselves to strong temperature
gradients in the snowpack, and depbar or facets near early season crusts are
commonly widespreadndcan be veryproblematide.g.,Savage, 2010)

The Lone Mountain couloirs aon different headwlls and cirques above treeline
(Fig. 2). The coloirs were chosen based on logistical accessibility (with cooperation
from Big Sky Resort and Moonlight Basin), the existencenoiwpacks relatively

unaffeced by skiers or explosives, atitkir widerange of aspects asthowpacks.
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Fig. 2. Seventeen couloirs were sampled friiwe cirques or headwalls on Lone Mountaégmcompassing a wide range of
aspects and characteristidsach dot represents a sample point
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Tablel. Characteristics of each coulsiampled

Prevailing
Mountain, Group/ Date Wind Wind # of
Couloir ID Range Cirque Sampled Station Azimuth | Samples
Lone Mountain, Lone
3rd Gulley 1 Madisons The Gullies| 1/31/2010| Summit 265 119
Lone Mountain, Lone
6th Gulley | 2 | Madisons The Gullies|  2/9/2010| Summit 260° 120
Rendezvous
3 | Mountain, Granite Rendezvous 250° 18
7 Dwarves Tetons Canyon 2/13/2010] Summit
Rendezvous
4 | Mountain, Granite Rendezvoud  250° 33
A-Chute Tetons Canyon 2/16/2010 Summit
5 Lone Mountain, | Upper A to Lone 265 70
Upper AZ1 Madisons Z Chues 2/11/2010] Summit
6 Lone Mountain, | Upper A to Lone 270 56
Upper AZ2 Madisons Z Chutes 2/28/2010| Summit
7 Lone Mountain, | Upper A to Lone 265 84
Upper AZ3 Madisons Z Chutes 3/9/2010| Summit
8 Lone Mountain, | Upper A to Lone 265 92
Upper AZ4 Madisons Z Chutes 3/11/2010| Summit
9 Lone Mountain, | Upper A to Lone 265 60
Upper AZ5 Madisons Z Chutes 3/11/2010{ Summit
Mt. Glory, Rendezvous
Unskiabowl 10 Tetons Teton Pass| 3/13/2010( Summit 250° 105
Rendezvous
Claw 11 Mt. Elly, Tetons | Teton Pass| 3/18/2010| Summit 250° 3
Lone Mountain,
Alder 12 Madisons Headwaterg 12/9/2010| Jack Creek 270 97
Lone Mountain,
Cold Springs 13 Madisons Headwaterg 12/9/2010| Jack Creek 270 4
Lone Mountain,
First Fork 14 Madisons Headwaterg 12/10/2010| Jack Creek 270 99
Lone Mountain,
Jack Creek 15 Madisons Headwaterg 12/11/2010| Jack Creek 275 104
Lone Mountain,
Rock Creek 16 Madisons Headwaterg 12/11/2010| Jack Creek 275 89
Lone Mountain, | North
Trident 7 Madisons Summit 1/28/2011| Great Falls 240 120
Lone Mountain, | North
Great Falls 18 Madisons Summit 1/30/2011| Great Falls 240 101
Lone Mountain, | North
Tears 19 Madisons Summit 2/4/2011| Great Falls 240 56
Lone Mountain, | Lone Lake
Mullet 20 Madisons Cirque 2/27/2011| Great Falls 230 72
Lone Mountain, | Lone Lake
Lone Lake 21 Madisons Cirque 3/5/2011| Great Falls 230 /1
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Field teamssampl& two couloirs from the Gulliesy Januaryand Februarpf
201Q a northeastacingheadvall within the boundaries of Big Sky Resdfid. 3). Prior
to sampling, these couloirs veeclosed to skier traffic, but tlemowpack had been
disturbed by daily explosive control on the faabove, shedding snow through the

couloirs and onto their aprons.

The Gullies

Fig. 3. 3rd Gulley (1) and 6th Gulley (2). Red arrowdigate approximate location of
uppermost sampling point.

We samplel five couloirs from the Upper A to Z chutdscated ora southfacing
headvall in Big Sky Resortin Februaryand Marchof 2010(Fig. 4). During the
sampling period, the Upper A to Z dba were progressively opened to skier tratied

we accessed theseuloirsbefore any significardgkier traffic. Thelayering insnowpack
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was representative of a backcountry snowpack and undisturbed by explosives; Big Sky
ski patrol doesotapply explosive control until late season, when supportable sun crusts
allow skiers to safely ski what igpically otherwise too shallow and rotten to ski. Prior
to sampling, several large ANFO explosives were discharged at the base of the wall
without any majoresults although a large natural avalanche released earlier in the
season from a different part of the headwall than our sampling locatirile the
stability of the slopes may have been altered, the natural layering of the slopes, which is

the focus bthis study, remained intact.

Upper A to Z chutes
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Fig. 4. Upper AZ1 (5), Upper AZ2 (6), Upper AZ3 (7), Upper AZ4 (8), and Upes
(9).
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In December of 2010, teams sampled five couloirs from the Headwaters, a north
to northeastacing cirque inMoonlight Basin ski area (Fig. 5). These couloirs
representedatural layering obackcountry conditions because we sampled them in the
early season prior to any skier traffic. Moonlight Basin ski patrol applied one or two
rounds of hangtharges prior t@our sampliig without any avalanche results, and the
disturbance to layers was confined to small bomb holes which we avoided during

sampling.

Headwaters

Fig.5. Alderson (12), Cold Springs (13), First Fork (14), Jack Creek (15), and Rock
Creek (16).
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In January and February of 2011e sampledhree couloirs from the North
Summit a northeast to northwetdcing bowl! in Moonlight BasiiiFig. 6). This area is
closed to skierraffic early season, but saw a small amount of skier traffareave
sampled it, with the exception of Trident Couloir, which was closed prior to our
sampling. By the time the North Summit was opened to skier traffic and our sampling
teams, a weltlevelopedvind slabprevented skierBom impacting deep weak layers
Moonlight Basin ski patrol runs routine control work in this zone after opening it, but

again, the deep weak layers appeared to remain intact.

North Summit

Fig. 6. Trident (17), Great Falls (18), and Tears (19).
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Our last two samplesom Lone Mountain wereollectedin February and March
of 2011from west and nortivest couloirs irLone Lake CirqueRig. 7). This area is out

of-bounds from the ski areas, but sees occasional backcountry skiers.

Lone Lake Cirque

Fig. 7. Mullet (20) and Lone Lake (21).

Teton Study Area

Field assistants and | sampledr couloirs from the Southern Teton Range, near
Jackson, Wyomin@Fig. 8 and Table 1) Two of the couloirs were sampled in
backcountry areas near Jackson Hole Mountain Resoatdd on Rendezvous Mountain

with anelevation of 3185 m. Walsosampled two couloireear Teton Pass, where
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Wyoming Highway 22 passes over the southiegtons, 8 knwest ofWilson, WY at an

elevation of 2570 m.

3-Seven Dwarves g4
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Fig. 8. Fou couloirs were sampled from the Southern Tetons.

The Tetons generally receive more snowfall than Lone Mountain because Pacific
moisture trackg along the Snake River Plasintensified by orographic upli#ts it
encounters the Teton#&verage anualsnowfall near the summit of Rendezvous

Mountain is 1280 mm atn average SWE of 8.5¢Ko0zak, 2002) With more snowfall
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and relatively warmer temperatures, the Tetons are classified as an intermountain snow
climate(Mock and Birkeland, 2000)Winds generally prevail from the west to southwest
(Table 1). All of the couloirssampled from this regioare below treelinand relatively
more windsheltered than the terrain on Lone Mountain. The sites selected are all
backcountry locations, devoid of avalanche control wdikey are also in somewhat
obscure locations and awmt see much &ckcountry skietraffic.

In February of 2010, field assistants and | sampled two 1facihg couloirs in
Granite Canyon, which isut of ski area boundaries and the back sidef Jackson Hole
Mountain ResorfFig. 9). In March of 2010, we samplédio north-facingcouoirs from

Teton Pas¢Fig. 10).

Fig.9. Seven Dwarves (3)
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Fig. 10. Unskiabowl (10) and Claw (11).

Weather History

Weather patterns fohé two wintes sampled varied considerablyhe winter of
200910 was an ENifio winter, with drier than usual conditiorend continental
snowpack developed irboth studyregionsas the jet stream stayed softdhmost of the
winter. A severe cold snap in December faceted most of the early season snowiis to dep
hoar, and this layer plagued the Tettm®ugh late JanuafComey, 2010) The same
layer plaguedsouthwest Montantor the entire season, causing the most active
avalanche season in the Gallatin National Forest Avaldh e Cent Staples, hi st or

2010)
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The winter of 201€L1 was a La Nia winter, withunprecedentesnowfall
amounts irMo n t aMeadisbriRange Copious arly season snovell with warm
temperatures;reating one of the #st reactive depth hoaeason southwestMontana
in recent historyStaples, 2011) Despite these favorable conditions, depth hodr
basal facetingvas still widespread on Lone Mountain, with avalanches occungag

the groundhrougloutthe seasnin the Madison Rangg.g.,Fig. 11).

Fig. 11 A slab avalanche that was explosively triggered in the HeadwatePecember
9, 2010 adjacent to Cold Springs. The avalanche failed on an early season weakness.
Photo courtsy of B. Carpenter.
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Field Methods

To sample each coulofiield assistants andused an avalanche proteetrack
slabs and identifiable weak layergy most cases, weacked depth hoar dacetedsnow
near the bse of the snowpackor a number focouloirs,we werealsoable to track a
weak layer that had recently formed near or at the surface of the snow (surfagce hoar
nearsurface face)s These neasurface weak layers could be easily uncovered with a
hand pit and viewed with a hand lensécessary. At each location, we recorded total
snow deptl{HS), the thicknessr presencef each iéntifiable weak layertickness of
depth hoaor basal facetsHDH, thicknes=of near surface facetBiFC, presence of
surface hoar=SH), the thickness ot snow slab overlying the weak layer which was
typically composed of rounded grains and new s(ld@iab). In the absence afepth
hoar, HSlabwas given a null valueWe also countethe number oéind recorded the
thickness of crust layekghen applicatd. We paid careful attention to keeping the probe
vertical during field measurements. All vertical measurements were later converted to
slope normal thicknesses or heights to account for variations inashojp® be consistent
with crownprofile protocds for avalanche observatio(Sreene, 2009)Slope angles for
these conversions were derived fromne meteDEM (Seepage 39).

In each couloir, we conducted at least one full spovfile atwhat | judged to be
a representative locatiqereene, 2009) This also allowed fousercalibration with the
avalanche probe, making for easier and more reliable identification of weak layers of
interest. To maintain consistency, | conducted all of the probing excdptarcouloirs

(Alder Couloir and Rock Creek Couloivyhere logistial constraints forcedrether
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trainedfield assistant to conduct probing. When the snowpack was shallowt,dieddf
assistants or | dug hand pits to cressify probing results, and we would occasionally
dig hastyshovelpits in areas of uncertainty. In general, weak layers were easily
identifiedfrom probingas soft or hollow layers. Although user uncetaexists with
these techniquethe benefits of probing are quick data collection allowing a larger
sample size and the ability to conduct research in steep teithout burdensome
equipment. Furthermor&chweizel(1993) Schweizer and Litsch@001) and
McCammon and Schweiz€002)foundthat avalanche failure is masdbmmonat the
transition from a hard to a soft layatthough graindentification was not always
possible sharptransitions in hardness were easily observed with a probe.

We collectedb6to 120 observations per couloir insemisystematic, stratified
sampling schemthrough repeated transects across the width of @adbir (Tablel).
Though a random sampling design would have been optimal for geostatistical analysis
(Kronholm and Birkeland, 2007pur sampling scheme was practiadthin thelogistics
of site accessibility, time constrainggeservation of snovand safety in the challenging
terrain Snow observations wereade with approximately equal spacing of several
meters, and the design was stratified in thatmaele an effort to collesiamples without
bias from the top and bottom, sides and middle of the(p&ghl12). Careful
consideration was given to managengalanche risk during sampling. We only sampled
couloirs duringextended dry periods with low avalanche danger or after a slope had been

tested with explosivesWhenever possibl@nly one fieldworker was exposed on the
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slope at a timeOn several occams, time constraints ancreasingavalanchalanger

did not permit a completely stratified sampling pattern.

Fig. 12. Example of the sampling strateigyeach couloir.

Two field daysdiffered in sampling strategy dueheightened avalanche
conditions. Severalidespread anceactive surface hoar layersAnChuteandSeven
Dwarves prevented sampling teafresm surveyng the entire couloir. Instead, we
gathered stability test data in the top of the starting zones winileped belay. Our
sampling strategy was to collect numersats ofextended column tests (ECTs) across
thewidth of the starting zone, with about five tests g&r The ECT is a relatively new

stability test which has showta be an effective indicat of slope stability, and is more
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aligned with our current understanding of avalanche meché®ircenhois and
Birkeland, 2006; Simenhois and Birkeland, 2009p perform the test, a 30n by 90cm
block of snav is isolatedbeyondthe depth of the weak laye©n one end of the isolated
column of snow, aeries of calibrated loading tagrg are performed until the weak layer
fails or untiln=30. If the failure propagates across the entire columrom+1 tgps
(recor EETRD) astme test is interpreted as unst
propagat e ECTHNooré§BECHXD)t thefteatiislinterpreted as stable
(Simenhois and Birkeland, 2006)

We utilized a Trimble GeoXH 2008 handheld GP$psampling locationand
spatially overdid these observations on a one meter D&Nich is detailed in the next
sectiors. Besides marking the location of snow observations, we also marked the
boundaries of the couloirs, where the snow depth faded to zero and transitioned to talus
orbedrock. hese fAzer o0 pboundatysferemae and tosterrdin plarameter
analysis.

To assess the effectiveness of the sampling strategy for callectinased snow
observations throughout the entire couylbitompared the distributions of severatam
parameterat thesampled locations with the distributions of these terrain parameters
acrosghefull length and width of theouloir. lused the Kolmogore®mirnov test (KS
test) tocompardistributions ofelevation, aspect, and slope angle vatlersved from
the one meter DEM at each sample point with the respective distributions for all of the
cells contained within the boundaries of the sampled couldine KStest, which is

described in more detah page 55, tests whether two set§ @ata come from a



34

significantly different distributioiMassey, 1951) A p-value less thaor equal td0.05
rejects the null hypothesis that the two datasets come from the same distriBytion.
conducting a KSest on the distribution of the sampled terrain parametgsuisthe
terrain parameters frothe entire couloir, | am testing whether the sampling strategy
adequatelyxharacterizes thterrain of he completeouloir.

The results of the K$est comparing the sampled locations todheh of the
entire couloirs indicate that aspects and slopéeangere fairly well represented by the
sampling strategy, while elevation is moderately represented (Tabigi@jout
considering Seven Dwarves andChute because only the starting zones were sampled,
only one other couloir has a significantly differelstribution of sampled aspects versus
aspects from the entire couloiReasonably spaced transeatsoss couloirs is an
effective strategy for samplirghanges iraspect without bias. Nine of the nineteen-full
couloir samples hav@me form obias n samplingwith regards televation. In some
cases, wider sections of the coulespecially near the aprons, were not samatdte
same density as the rest of the couloir, and these elevation bands are underrepmesented
the sampling designin theexample shown above for First Fork Coultire
distributions of aspect and slope angle are adequately represented by the sampling pattern
(KS-test pvalues = 0.31, 0.69). The similaeis betweerthe sampled distributiGrand
actualdistributiors areapparent in the probability distribution functions (Eig3a and
13b). However, the KSest has a significantyalueof 0.05 whercomparinghe
samplecklevations with thelistribution of all elevation cells in First Forkhe

probability distribution factions (PDFs) of these two datasets illustrate how a portion of
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the upper elevation of First Fork Couloir is underrepresented by the sampling strategy
(Fig. 13c), where the couloir is widest (Fit2) In summary, the sampling design was
generally unbiagkwith regards to the terrain in each couloir, ibwias not always

completely stratified for elevation.
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Fig. 13. Probability distribution functions for values of (a) aspect, (b) slope angle, and
(c) elevation for sample lations and all of the one meter cells within the boundary of
First Fork Couloir. Elevadn is the only parametevith significantlydifferent
distributions, per the K&est.



Table2. PTL criteria for each couloirincertainty in ield measuremenend GPS
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readings, and K&ests on whether the sample points are representative of the entire

coul oirés distribution of aspect, el evat
are indicated by bold font)
KS- KS-
Avg. teston| KS- test on
Estimated aspect| teston| slope
Horizontal of elevof of
Estimated GPS Estimated| couloir | couloir | couloir
Couloir Sampling | accuracy | GPS st. VS. VS. VS.
Couloir ID# PTL Criteria Confidence (cm) dev (cm) | sample| sample| sample
Presencef depth
3rd Gulley 1 hoar & Slab > 15cm 90% 49 36 0.96 0.38 0.82
Presence of depth
6th Gulley 2 hoar & Slab > 15 cmm 90% ar 3l 0.49 0.18 0.62
ECTP result or
7 Dwarves 3 avalanche crown 100% 14 / 0.01 0.00 0.00
ECTP result on top
A-Chute da layer of surface hoa|  100% 13 5 0.00 0.00 0.00
ECTP result on
lower layer of 13 5 0.00 0.00 0.00
A-Chute 4b surface hoar 100%
Presence of depth
Upper AZL | 5a | hoar&Slab>15cn]  100% 51 23 0.06 | 000 | 0.01
Presence of facets
Upper AZ1 5b between two crusts 100% 51 23 0.06 0.00 0.01
Presence of depth
Upper AZ2 | 6a | hoar& Slab>15cn]  100% 45 28 063 | 000 | 0.0
Presence of facets
Upper AZ2 6b between two crusts 100% 45 28 0.63 0.00 0.3
Presence of depth
UpperAz3 | 7a | hoar&Slab>15cn]  95% 97 181 | 069 | 096 | 085
Presene of facets
Upper AZ3 7b between two crusts 95% 97 181 0.69 0.96 0.85
Presence of depth
Upper AZ4 | 8a | hoar&Slab>15cn]  95% 43 20 085 | 061 | 0.57
Presence of facets
Upper AZ4 8b between two crusts 95% 43 20 0.85 0.61 0.57
Presence of depth
Upper AZ5 9a hoar & Slab >15 cm 95% 118 4 045 0.12 0.75
Presence of facets
Upper AZ5 9b between two crusts 95% 118 4 045 0.12 0.75
Presence of depth
Unskiabowl 10a hoar & Slab > 15 cr 85% 240 231 0.77 0.61 0.46
Presence of diurnal
Unskiabowl| 10b | facets at the surface 95% 240 237 0.77 061 0.46
Presence of depth
Claw 11a | hoar&Slab>15cn]  85% 172 173 | 0541 000 | 001
Presence of diurnal
Claw 11b | facets at the surface 95% 172 173 0.54 0.00 0.01
Presence of depth
Alder 12 hoar & Slab > 15 cr 95% 39 sl 0.98 0.14 0.53
Cold Presence of depth
Springs 13 hoar & Slab > 15 cm 95% 33 30 035 0.02 0.19

(0]
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Table 2 Continued.

Presence of depth

First Fork 14 | hoar&Slab>15cn|  95% 37 18 031 1 005 | 069
Presence of depth

Jack Creek 15a hoar & Slab > 15 cn 95% 42 37 044 0.03 0.59
Presencef surface

Jack Creek 15b hoar at the surface 100% 42 37 0.44 0.03 0.59
Presence of depth

Rock Creek 16 hoar & Slab > 15 cn 95% 67 & 0.49 0.00 0.87
Presence of depth

Trident 17a hoar & Slab > 15 cn 90% 40 21 0.21 0.33 0.46
Presence of diurnal

Trident 17b facets at th surface 95% 40 21 0.21 0.33 0.46
Presence of depth

Great Falls 18 hoar & Slab > 15 cn 90% 88 & 0.03 0.00 0.49
Presence of depth

Tears 19a hoar & Slab > 15 cn 95% 40 15 041 064 0.35
Presence of diurnal
facets buried under 40 15 0.41 0.64 0.35

Tears 19b thin slab 100%
Presence of depth

Mullet 20 |hoar&Slab>15cn|  95% 11 5 089 | 011 | 0.05
Presence of depth

Lone Lake 2la hoar & Slab > 15 cn 95% 43 24 0.97 0.03 0.12
Presence of diurnal
facets buried under 43 24 0.97 0.03 0.12

Lone Lake 21b thin slab 100%

MappingPoints with GPS

All snow observation points and fAzero0o0
GeoXH 2008 handheld GPS receiver. Rwosicessed differential corrections were used
to improve the accuracy of the positions.postprocessed differential correction, a base
station with a known location and ideally within 50km of the handheld unit tracks what
errors the satellite data contains. Tri mb
improvethe accuracy of the datollected from the handheld u(itrimble, 2008) For
this study, positions were differentially corrected using the nearest base station with post

processing data available at the time of fieldwork. The Lone Mountain positions were
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corrected from either the UNAVCO Big Sky, MT station (~30km), the UNAVCO Ennis,
MT station (~27 km), or the CORS Bozeman (MTSU), MT station (~54km). While an
effort was made to consistently process corrections frensltsest station, UNAVCO
Ennisbase station data was not always readily available forcing the use of other nearby
staions. The Teton positions were corrected from the CORS Driggs (IDDR), ID station
or the UNAVCO Moose, WY station, depending on the study location. Distances to
these stations varied butere all less than 35 km.

Under optimal conditions, the GeoXH 208&apable of 1@m accuracy with
differential correction. The GPS software repangstimated root mean square (RMS)
accuracie$68% confidence levelpllowing postprocessing based on the number of
satellites, theielewvation angle andignalstrengh, variances in correction type, and base
station distancé€Trimble, 2008) However, these estimates are unable to account for a
number of sources of error: (1) Multipath signals, when a GPS signal reflects off of an
object before reaching the handheld devi2gn{easurement noise caused by electrical
interferene from external sources; (3) Poorlynseyed base station positior{d)

Correction source datum errdi&imble, 2008) The latter source of err® negligible
becausell of the base stations use the ITRF 2000 geographic datum which is equivalent
within several cm to the WGS 1984 datum that the GPS originddélyerecegJanssen,

2009)

The positions were differentially corrected in the ITRF 2000 geographic datum. |
imported the points into ArcMap and transformed the points to Universal Transverse

Mercator (UTM) Zone 12 for analysis in the GlSing theNAD_1983 To WGS 1984 5
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transformation filgESRI, 2008). ITRF 2000 ad WGS 1984 are essentially identical,
with up to 2cm shift(Janssen, 2009)After the points were correctly transformed to
UTM Zone 12 and imported into ArcMap, they could be analyzed with the terrain
parameters.

Given theone meteDEM awailable for terrain analysis, 50 cm accuracy from the
GPSisideal Of the 21couloirs, 14have an averagestimatedRMS horizontal accuracy
betterthan 50 cm, and all but threstimatesubmeter accuracy (Tab®. Standard
deviations are also reportedTable2, although the distribution of errors in each couloir
is typically positively skewed, with several large values and most of the errors falling
below the estimad mean. The average erromigrstat Teton Pass where moderate tree
cowver inhibited satellite strength

During most field days, at least one reference position was recorded to check for
accuracy. These points were taken on ridgelines or obvious terrain features, and checked
against thene meteDEM used for terrain analysidVith theexception of the two
Teton Pass sitethe GPS control positiordid not appear to bieaccurate given the
resolution of the DEM. This leads to the conclusion thaGR& inaccuracies were
minimal during fieldwork. For the Teton Pass sites, misalignnegopeared to be on the

order of B3 m, and this is considered in interpretation of statistical results.

TerrainParameters

In thenextstage of analysis, | derivelitableterrainparameterrom aDEM in
the GIS LIDAR data provide @ane meteresoludion DEM of the study locations.

Compared to the 3 DEMsthat are readily available for most locations in the U.S.,
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McCollister and Come{2009)demonstraté how one meteDEMs are far superior for
calculating avalanche starting zone terrain characteristics. They also suggestrihat 30
DEMs give inaccurate calculations for slope and asp€he processed LIiDAR datasets
containabareearth DEM withone meteresolutionusel for all parameters in this
analysis These raster grids are projected in UTM Zone 12, so all of the GIS analysis was
standardized on UTM Zone 12

| utilized ArcGIS (ESRI, 2009b}o derivetwelve potential terain parametes of
snowpack structurer@ble3d). All of the analygs utilized the Spatial Analyst extension
in ArcGIS. In the following paragraphs, | explain why each terrain paransisciuded
as a potentigharameteandhow it was derived in the Gi8henrelevant
Supplementary thredimensimal maps of each of the parameters for Lone Lake Couloir
are provided in Appendi€. Note that a number of the parametescribedare likely to
be correlated, but | accowutfor this later in thenodeling analysis

Elevation, slope angle, and aspaot the most frequently uspdrametes for
snow depth or snow strengtiodeling(e.g.,Birkeland, 2001; Erickson et al., 2005)
Elevation is a logicaparametebecause the snowpack can vary tremendously from the
top of a couloir to the bottom due to varying windsnow loadingpatternsgreatersluff
accumulatios near the bottopand temperatud@pses affecting precipitation and
metamorphism differentl{Birkeland, 2001; Dexter, 1986; Gleason, 1996; McClung and
Schaerer, 2006)Slope angle affects the structure of the snowpack. Steeper slopes tend
to shed snow accumulations while shallos®pes tend to accumulagalanche debris

and drifting snow(Gleason, 1996; McClung and Schaerer, 200&pect affects



Table3. Terrain parameters derived from a one meter DEM and used for analysis
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Parameter

name

Description

Example Value(s)

Relative elevion within the couloir (%) from an

0.892 (near the top);

rel.elev elevation grid (in meters) 0.128 (near the bottom
slope Slope angle (degrees) 49.2
EW.aspec| Eastwest component of aspect (Sine of aspect) -0.299 (from 342.9
NS.aspect| North-south componenif aspect (Cosine of aspect) | 0.954 (from 342.9
-0.8(convex); 1.6
prof Profile curvature at 10 m resolution (concave)
-8.5(concave);
plan Plan curvature at one meter resolution 2.3(convex)
Relative solar radiation within the couloir (%),
calculated from cumulative direct and diffuse insolati
rel.solar | (in WH/n?) 0.441
Wind exposure index; the difference between the ce
interest and the mean elevations in a 10 m radiu% 12 0.42(exposed);
wind wedge into the seasonally averaged prevailing windg -1.36 (sheltered)
Relative viewshed within the couloir (%), based on | 0.70 (more visible);
rel.view | visibility from the major windward ridgeline 0.2 (less visible)
Exposure index; the difference between the cell of
interest and the mean elevationighim a 4 m donut 0.32 (exposed}0.46
expo shaped search surrounding the cell. (sheltered)
edge Di stance from the coul 0|81m
Distance from the windward edge of the couloir
wind.edge| (meters) 19.7m

the snowpackhrough a number aghechanismgMcClung and Schaerer, 2006f-or

exampleresearch has addresghd role of aspect on grain formation and metgorhism

(e.g.,Dexter, 1986; Jamieson and Langevin, 200d)e length and intensity of incoming

solar radiation varies by aspgewathich affects faceting and surface hoar growth

(Cooperstein, 2008)Also the effets of wind, whether it is windbading or scouring,

change with aspe¢Gleason, 1996)Becausef the circular nature of asgedata, |



created two parameters for analysis eastvest contrastfW.aspegtand a nortfsouth

contrast NS.aspegtby taking the sine and cosine of aspect values in radians (Table 4).

Table4. Reference table for the two aspect variables.

Quadrant Azimuth EW.aspeci NS.aspec
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NE 45
E 90
SE 135
S 180
SW 225
\W 270
NW 315
N 360

Curvature of the slope another parameter that has been used in previous models
(Bloschl et al., 1991; Wirz et al., 2011l)derivedbothplan (horizontal)andprofile
(vertical) curvature. Plan curvature delineaté®redownslopegullies and ridges
occur, and thusaybe a good predictor of snadepth because in the alpine terrain, the
gullies are usually loaded while the ridges getused €.9.,Fig. 5). Profile curvature
all ows identificat i,oimerethé snéwpazk structureigpecteéd a n d
to differ significantly due to varying stresses in the snow and diffdoadingscouring
patterndMcClung and Schaerer, 2006) 0 effectively identify these terrain features, |
reduced the resolution of the DEM t0 tbefore derivingorofile curvature. This
technique ignores subté®ncavities or convexitie® focus on major terrain features.
Maggioni and Grubef2003)also reduced the resolution of thBEM to 50 mrelative to

other terrain paranters (25m) when calculating curvature. | choserti@esolutionafter

0.71
1.00
0.71
0.00
-0.71
-1.00
-0.71
0.00

0.71
0.00
-0.71
-1.00
-0.71
0.00
0.71
1.00

a
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visually previeving arange of resolutions and found that for sitale of mystudy areas,
10 m profile curvature appears mastitable for identifying aprons and major rollovers

Incoming solar radiation affects air temperature, snow temperature, and
temperature gradientabove and in the snow, which all hayerefound effect on snow
strengthgrain formation and metamorphisiBirkeland, 1998; Lutz and Birkeland,
2011; McClung and Schaerer, 2006; Slaughter et al., 20t sdar radiation tooin
ArcMapis used tasum direct and diffusisolation(it does not calculate reflected solar
radiation, which can be a significant contributor for snow covered surfaces). The
calculation involves calculating an upward looking hemisighéviewshed based on
topography, and overlayirthe viewshed on a direct sunmap and a diffuse skymap
(ESRI, D09a) For each couloir, | calculated total insolation frisimvemberl®, which
roughly corresponds to the date that snow accumulation bexgirthe date that the
couloir was sampledDue to the complexity of such calculations and the number of
unmeaured parameters involved (e.g., cloud cover and transmissivity), the solar
radiation values, in watt hours per square meter (W}hould be viewed as relative to
each other rather than absolutealculated cumulativéntalsas a way of determining
average relative insolation values during the winter season prior to our sampling of each
couloir.

Wind plays a critical role in snowpack developmeaspecially in alpine terrain
(Sturm and Benson, 2004hd step faceqWirz et al., 2011)and most studies on spatial
variability have cited wind as a contributing facterg.,Conway and Abrahamson,

1984) | created a number of wiattlatedparametes which are dependent seasonal
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prevailing wind direction.Several weather stations record wind data neasttitty sites
and are retively unobstructed by terra(frigs. 2 and §. For each couloir, $electedhe
station that was closest or most representative with availabiMynafdatafor that
season In the Big Sky area, | used wind data from the Lglo&intainsummit station for
the Upper A to Zhutes and the Gullies. | used the Jack Creek wind station for the
Headwaters chutes, and | used the Great Falls wind station for the North Summit area and
Lone Lake Cirque. Inthe Tetons, | used RendezvouslountainSummit wind station
for all of the couloirgTablel). For each couloir, | calculated the prevailing wind
direction usindhourlywind data fromNovember1® until the date that the couloir was
sampled.The wind stations on Lone Mountain are @ted by the ski areas, so they
dondt begin recording dhchleulata the prelallirmgaind v t o
directionby averaging the easterly and northerly components weighted by the wind
velocity as follows:

B 0LzOE]
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Whereu is the hourly wind velocity readin@ is thehourlywind direction in
radians, and is the total number dfourly readings from Novembef' iintil the
sampling date. Prevailing wind directioalculations wereoundedo the nearest 5
degrees Wind speed data was unreliable for the Lone Peak summit station, so | used the
same calculations withouteighting tie hourly wind directions witlvind speedor those
data Also note that the Great Falls wind statmmLoneMountainonly collecteddata

starting January 5, 2011 he calculated prevailing winds agenerally west to
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southwest, with differencdsely arising due to location relative to surrounding
topography and seasonal trends (TableThe reason foasing prevailing wind direction
for the following terrain parameters is because it can be approximated in unfamiliar
terrain where wind data is unaable from flagging on trees, cornices, or seasonal snow
loading patterns.

A wind expasure index is a likelparametefor modeling snowpackSchaerer
(2977)f ound Edpaurentid® Windo index was one of
predictorsof avalanches. In the Big Sky area, terrain thaksed to the gevailing
windsis typically scoured or shallow and subsequently faceted. However, we also
observed that some areas that retain snow despite égiaged and battered by wind
have stout, wingbacked grains without any weak layers. Deepewpack are bund in
wind sheltered aread.ocalized snow depth patterns are likely to be criticalgvant to
overall snow strengt{Birkeland et al., 1995) o create a winéxpasure index, |
employed a similar GIS technique as Winstral e24102) Theyfoundafi ma x i mu m
upwi nd s op e @gnificant farmadélisgrspatiabsaow distributipalbeit at
a muchbroade scale Their parameter was determined usantR(0 pie-shaped area
centered on the prevailing wind directisith search distances betweenrb@nd 2000
m. The slope between tlseeepesii s h e | tedl and thegcell of interest was calculated
as way to fAquant i feypsurdprevidedby tieerierraincupwinddfe | t e r
e ach (Winstral etal., 2002) For my wnd expcure index, | used a 1) search
radius to calculate the averagjevation of all of the cells within a 12@ie shaped area

centered on the prevailing wind directifiig. 14). The value of the parameter is the
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difference between theell of interest and thaverageelevation of these upwindells
where value¢essthan zero indicate a wirshelterectell. | selected a 1én search
pattern after visually previewing the outputs for several lengths. For the staike of
study and its terrain, a 10 radius appeared to most effectively representading

and scouring patterrat a fine scale

Wind Index = Target Cell - Avg(Upwind Cells)

Fig. 14. Diagramof the technique used to calculate the wind exposure index. The wind
exposire index equals tharget cell minus the average of the upwind cells within & 120
wedgewith a10 m radius.

| created anotr windrelated parameter callekde viewshed index. This
parameter quantifies how visible a cell is from its major windwalgetineand is a
measure of coarse scale wiexposure As with the previous windxpasure index, the
degree oexpasure or sheltering strongly affects snowpack accumulation and
metamorphism. used a 3Bpie-shaped search into tipeevailing wind diredbn from

the boundaries of the coul@nd digitized a line along the nearest major ridgeline
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contained withirthe pieshaped search thenused the viewshed totd countthe
frequency thaeach cell is visible from vertex poiratong the digitized rige line (Fig.
15). A viewshed indexf zero indicates nonvisible and highly sheltered location from

prevailing winds.

Legend
©  Sample Points (Jack Creek)

= Search Path (30* from wind)

<= Prevailing Wind

----- Major Windward Ridgeline

Viewshed Index

High : 30

-Low:O
¥

Fig. 15. Map illustrating how the viewshed index was calculated for Jack Creek couloir.
A 30° pie-shaged search from the couloir to the major windward ridgeline is used to
define the endpoints of the viewing platform.

Theexpasure of the terraialsoaffects snowpack development. The degree of
expasure not only affects how the wind interacts with theasrimut is also a measure of
the skyview for each cell. Skyview affects the exchange of longwave and shortwave
radiation, which in turn, affects temperature gradients and grain developnohras

surface hoar growt{Lutz and Bikeland, 2011; Shea and Jamieson, 201@)eated a
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fine-scaleexpasure index as a potentghrameteby conducting & mannulusshaped
search around the cell of interest and caloujgthe averagelevation of these cells. |
subtracted this valuedm theelevation of the center cell; thymsitivevalues are
expased cdk (Fig. 16). This parameter is an indicator of whethatra fine scaleghe cell
is on a protrusion or depression in the terrain, independent of wind direttien.
calculationot hi s parameter i s si mil arHodchstet'er Air oug!l

et al.(2008)

Exposure Index = Target Cell - Avg(Surrounding Cells)

Fig. 16. Diagramof the technique used to determine the exposure index calculation.
Exposure index equals the elevation of the target cell minus the average elevations of the
surrounding cells within a 4 m radius.

The last two parameters are distance from the edge of the couloir and distance
from the windward edge. The depth and structure of the snowpack significantly changes

across the width of a couloiArons et al(1998)and Birkeland1995)showed that depth
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hoar preferentially grows over rock outcrppsere snow depth is locally shallowand
it could be hypothesized that similar metamorphism occurs near the sides of cadnloirs.
alpine terrain, croskading winds are common, so distance from the windward edge is
also a likelyparameter To create these terrain parameters, | digitiheccouloir
boundaries and calculated the distance of each cell from the boundaries. For the
windward edgel only digitized the windward boundary of the couloir basedieid
observations angrevailing wind calculations. To accurately digitize the couloir
boundari es, | referred to the fAzewshaded poi nt
relief layer created from the DEM. For the Teton area, | also Ls@dnorthorectified
photographgor reference.

Note that the presence and influence of trees is an important parameter on the
influence of spatial variabilitge.g.,Shea and Jamieson, 201®lI of the terrain
sampled on Lone Mountain is above treeline and unaffected by trees. In the Tetons, three
of the four sample sites, with the exceptiolhe€hute have sparse or dense tree cover
alongthe sides of the couloirs. This certaimlfffects snowpack development.
Unfortunately, only the barearth LIDAR data was available from the Teton region, and
no treerelated parameters were derived.

With the completion of thewelveterrain parameter| spatially overlaidhe
mappedsnow observationsn each of theaster grids and prepared for statistical
analysis To allow for slopeto-slope modeling and crosslidation,elevation, solar
radiation, and view were normalized for each slope. | agetimg the relative values

rather tharthe absolute values these parameters on each slope.
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Exploratory Analysis

Designingthe Response &fiable

Designing a suitable response variable to be modeled by the terrain parameters
presents a serious challenyly objectiveist o cr eate a model that p
zones, 0 or | ocations where one would be mo
instabilityin asnow pit or have success wigxplosive control work However, these
trigger locations have to modeled based on only crude snprefiles lacking stability
test results.Using a subset of the current da®ayy and Birkeland2010)modeled the
response of a continuous variable using the percentage of the snowpack composed of
weak layers. While this method is effective in identifying areas where faceting is most
pronounced, imaybe misleading for identifying trigger locations because such modeling
targetsareas where most or all of the snowpeosomposed of weak layers while
overlooking the importance of a mostly strong snowpack with a thin but dangerous weak
layer. In practice, the latter scenario is typically more threatening, whereas the former
could be a shallow, completely faceted, and relatively more benign location. Another
continuous variable to model is simply weak layer thickness, suitie élsckness of
depth hoarKIDH). However, does a thicker layer of depth hoar necessarily mean a more
dangerous situation? This presents a problem by highlighting locations where weak
layers are thick, while again downplaying the importance of thin but exyreme
threatening weak | ayers. I n practice, thi
dangerougMcCammon and Schweizer, 200For avalanches failing on depth hoar, the

failure frequently occurs at the interface or in the top featimeterf the layer, so
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t hicker | ayer sneceksaritimore thieatedng (Birkelaad;persm éonm.,
2011)

A solution to this dilemma is to modalbinary response: the presencalmsence
of a Potential Trigger Location (PTL). The criteria for a Rildredefined on a casky-
case basis for each couloir based on the fielkovations and discussions with avalanche
professionals. For most of the couloirs sampled, depthit@are of the layers of
concern(e.g.,Fig. 17). In these cases, the criteria for a Ridéredefined as any location
with the presence of the weak layad an overlyinglope normaslab thickness greater
thanl15 cm(Table 3. | requirad a minimum slab thickness because we frequently
observed very shallow, faceted snow near the sides of the couloirs. However, with no
slab in these locationsriggeringan avalanche wouldot be possibleThe minimum slab
criterionfiltered out hese northreatening locations from being identified as PTLs.

| chose he mhimum slab depth withareful consideration. After discussions
with several local avalanche expeaited ski patrollers on Lone Mountain, | concluded
that15cm was the most appropriate minimum slab depth for defining a PTL. Schwiezer
andLutschg(2001)found the lower quartile of fracture depths from a sample of 522
skier triggered avalanches was 30 @neasured slope verticalFrom a sample of 93
fatal avalanches in Canada, Jamieson and Joh(i€968)reported the lower quartile of
slab thicknesses was 54 cm, and from 181 avalanche accidents from the Canadian Interior
Ranges, the lower quartile was 30 gmeasured slope verticalyvhen corrected to slope
normal thickneses on a 4#%lope, these are 38 cm and 21 cm slab thicknesses,

respectivelyPatrollers at Moonlight Basin are concerned with fractures propagating to
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Fig. 17. Snow profile from First Fork showing the depth hoar layer thatraskedand
the overlying slab

full depth from around 15 cror deepefCarpenterpers. comm., 2091 A number of
techniques in this analysis deal willetuncertaintyf defining the minimum slab depth.

In the Upper A to Z chutes, we frequently otveel weak faceted layers between
crusts. These were typically shallowly buried without a significant slalsehative in
our stability testsd.g.,Fig. 18). In this case, | defimtePTLs as any location with the
layer of facets found between two crusts a fewselect couloirs, we observed near
surfacediurnalfaceting or surface hoar formation at or near the surface of the snowpack.

Because these layers had not been buried, | defined a PTL based simply on the weak
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layer presence. linese last theecasesfor those locations to be true PTLs, a slab of

new or windblown snow would need to be added to the slope.

Crystal » Stability Tests
Form Size gmm) kn/"l‘
| ¥ 10 20M |
ECTPV Q3 Depth: (cm) 61
- [ECTP4 Q3 Depth: (cm) 61
@ () |10- 15
'3 20
A 20
A 40- 50

Fig. 18 Snowprofile from Upper AZ showing the reactive faceted layer between two
crusts that we tracked, a®ll as a depth hoar layer.

Lastly, | have two datasets where | collected ECT dathuried surface hoar
layers(e.g.,Fig. 19). For these days, | defid@a PTLfor agiven surfacéoar layeras
any test site location where the extended column fubp@gatedcross the layerThis
is the suggested interpretation for the ESimenhois and Birkeland, 2006pn one of
the ECT sampling days, a portion of the slope avalanched, and | traced the crown line

with the GPS. Points along the crown line are also classified as PTLs.
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Fig. 19. Snowprofile from A-Chute showing two reactive surface hoar layers that we

repeatedly tested with ECTs.

MappingPTLs

| visually represented the spatial patterns of PTLs on maps to complement my
statistical analyses. In this section,rhply mapped the distribution of PTLs and non
PTLs over thawelve terrain parameter grids as well ashaded reliemap. Theshaded
relief maps for each couloir are included in AppendixMaps of PTLs over selected
terrain parameters are integratedthghout the document to emphasize important

relationships, and supplementary thddmensional maps are included in Appendix C to

aid in visualization.
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CorrelationAnalysis

All statistical anayses areperformed using R Softwa(@009)and arecarried out
for eachof the identified weak layers in each of the 21 couloirs, for a total of 32 datasets
(Table 2) For preliminary exploratory data analysis, | tabulaterrelation coefficients
for the snow observationsl§ HSlah andHDH) and the terrain parameters désed in
previous sections. Testing the significance of linear correlattamsommon practice in
snow research when testing for the influence of repparameterge.g.,Birkeland, 2001,
Gleason, 1996; Wirz et.a2011) Because not all of the terrgoarametes are normally
distributed, Icalculatedhe nonp ar amet r i ¢ Sgoderxorretaiond s r ank
coefficients. Significance o-fest(Zao 972 | ati on
and squaring the correlation coefficient gitles percentage of variance in the response
that is explained by that varialklea linear regressionl output the correlations in a
colored heat map using thplotspackagen R (Warnes, 2009)which rearranges the
rows of theparametes to form general clusters of positive and negative correlations,

allowing a more visual display of the results.

TerrainParameter distribution comparisons

Next, | compard the distribution ofll theterrain parametethatareassociated
with the presence of a PTL against the distributioallaierrain parameters thate
associated with the absence of a PTL. If a terrain parameter is strongly associated with
the development of a PTL, we would expect to see a different distribution of values for
locations wher@TLswere observed, relative to n®TL locations. The Klmogorowv

Smirnovgoodnesf-fit test (KS-test)is a nonparametric method for testing the null
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hypothesis that the difference between two distributions arises due to pure chance
(Massey, 1951) A p-value less thaf.05 rejectdhe null hypothesis, indicating that the
distributions are significantly diffeentand that the terrain parameter in question is
associated with the responsePdfLs. This test assumes the data fit a continuous
distribution functiorwithout numerous repeated valueAll of the parameters meet this
assumption, with the exception r&l.view, so | excludeel.viewfrom this section of
analysis. This methodwas employed by Slaughtet al.(2011) where themost
influential paraneters n facetforming days vs. noffacetforming daysweredetermined
using the K&test Additionally, | plottedestimated probability distributions functions
(PDFs) of terrain parameters for PTL and #®FL locationgo show how the
distributions vary The KStest identifies whether distributions are significantly different,
but it does not identify where. Qualitatively identifying where the distributions differ

from the PDFs is not statistically supported.

Modeling Potential Trigger Locations

Theprevious two tests hav@earandsimple resultsbut are limited in that they
isolate the effectef each parameter. Because the formatioRTdfsis a complex
process, modeling the influences of terrain parameters together is netasbatl
prediction and interpretationAlthough the quest for a single, optimal model is
frequently the objective of environmentakearchmathematicamodek of
environmental systemsandét entirely capture the compl e
and scales involvedThe conept of equifinality suggests that there are several

acceptable model structures or many acceptable parameter sets with similar levels of
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model performancéBeven and Freer, 20Q1) approackedthe complex problem of
modelingPTLsfrom terrain parameters with two different model structures, each
attempting to characterizkd processisinga different approach. In the following
sections, | describe the background and application of classificatieratrédogistic

regression modeling.

Classification Tree Modeling

Classificationtreesare an excellentool for modelingbinary responses with nen
parametric parametermsspecially fordata with unknown relationship®ne of the
primary strengths of classification tree modeling, when compared to common linear
approaches, is the ability to capture hierarchal andinearrelationships.
Classification trees are more effective in modeling thresholds@mnglexinteractions
between parameter®\lso, outliers anctorrelated parameteasr e n 6t pforob | emat i
modeling with classification tre€Breiman et al., 1993)Furthermorgthe simplicity of
the modeling resultand accuracy scores alldar understanding from a wide range of
audiences, which is a key component of avalanche science. Several studies have
employed classification trees or regression trees to relate meteorological parameters with
avalanche activityDavis et al., 1999; Hendrikx et al., 20@%)to predict snow depth
(Winstral et al., 2002)

In classification tree modeling, an algorithm conducts an exhaustive search of all
possible thresholdalues within the parameter setd splits the datato increasingly
homognousnodes in order to minimize the predictive error of the model. This process

of recursive partitioning afhe data continues to a given endpoint depending on the data
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size the result is &ree with nodes and branch@veiman et al., 1993)1 implemengd
the initial clasdication tree modeling usindgpé mvpart package in @herneau and
Atkinson, 2010)andl usal the complete setfdawelve parameters describpaeviously.
The algorithmsplits data at nodes using the Gini index, which is a measure of how
diverse subsets become once a particular variable is used to apib@de. The tree is
initially overfit, but | usel a crossvalidation process to prune the tree brancheéiseo
optimaltreesize that minimizes crosalidation errof(Breiman et al., 1993)

A more robust methodf improved prediction accuracy for classification tree
modelngis a bootstrapping based technique called Randmrest(Breiman, 2001)
This methodimplementedhrough the randaForest package in Riaw and Wiener,
2002)builds adiverse forest oflassificationtrees by using a bootstrap sample of data
andmodelingfrom a random subset of variables at each splie data withheld during
each bootstrap iteratioknown ags h e -ofttbaug 6 ( OOB) data, are use
predicton error at each stepglhe OOB estimatecerrorrate which depends on individual
tree strength and correlations between trees, converges as the number of trees approaches
500 The estimated error rate from the OOB data is used to calculate the satzes$s r
the model At the cost of interpretability, the trees are averaged to create an effective tool
for prediction. The randomneséthe variable subsetsakes the method more robust to
noise in the data, and the large number of trees prevents tovgrfitvhile there is no
Aaver age tr ee ooreaasihareporedhrs tetheiquepdlosfort e d
guantification of parameter importanceor each treethe OOBpredictionerroris

calculated, and then the O@iBedictionerror is recalculated byithholding each of the
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terrainparameters iteratively. The differendetween these two values for each
parametear e averaged and normalized over the e
decrease in accuracyo for eadthefpudrl amedtresrst@
OOB estimatecerror rate would decrease without each term in the model.

For the relatively large sample of depth hoar Pahd neaisurface facet PTL$
cross validaté the RandomForest predictivenodel by applying it to each ofdlother
couloirs. This allows interpretation of how well the modeled effects in a given couloir
can be extrapolated to other couloiiidie results of a prediction model can be classified
into a 2x2 confusion matrixigble 5).H denot es 0 tpieterc®qf PThahee r e t h e
correctly predicted. F is predictednbet nall dbsetvede al ar
M is the fAfal se st abl eemigsedo ziipallofthbemeet PTL p

predictions of strongnowpack.

Table5. Confusion matrix for a binary response

Observed

Predicted
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For crossvalidation, Icalculatedhe success rate, which is simply the number of

successful predictions over the sample §dbuche et al., 2006)

YO O ORh§ — )
This statistic can be misleadirdgpending on the prevalence of the response. For
example, if you had a horribly inacmurate
observedlataset with 1 PTL and 99 n#1TLs, you would get a success rate of 99%,
even though thenodel has no abilitjo separat®TLs andhonPTLs A measure of this

ability is the True Skill Statisti€Allouche et al., 2006)

Y 3)
Thefirstf racti on measures the pr oobandithebkecandy of d e
fraction measures the probabili tTpeskilf f al se
statistics rangéom +1 to-1, where a score of +1 means the model perfectly
discriminates alPTLs andhonPTLs, a score of 0 means the model has no ability to
discriminate and-1 means the model perfectly discriminates all of the observations
incorrectly
As descibed previously, the minimum slab thicknesgerion though carefully
selected, is subject to uncertaintyinvestigatel the robustness of parameter importance
findings with a Monte Carlo apprdac | iteratively redefind the minimum slab
thickness folPTLs, in 1cm increments from ¢m to 60cm and rdit the RandomForest
modelfor eachuniqueslab thickness At each iterationl, plotted how thenean decrease
in accuracyi.e., importancejor each parametahange across the rege of minimum

slab thcknessesl alsocalculated thaveraged mean decrease in accum@y all slab
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thicknesseswhich shows how important the parameter is over the entire range of slab
thicknessesBecausea number of couloireave a shallower snowpack with thinner

slabs,| adjustedhe range of slab thicknesses toch® or 50cm for these couloirs.

Loqistic RegressiomModeling

Logisticregression is widely accepted as the most appropriatéotooinary data
because of its flexibility, ease of modeling, and meaningtelpretations derived from
the model coefficienttHosmer and Lemeshow, 200 chweizer and Kronholif2007)
used logistic regression to model the presence/absence of surfacedgiatic
regressioruses a generalized linear modeWhich thePTLscan be related to the terrain

parameters through a linear regression of the form:

a £ "QQo T Fo 8 1o 116 (4)
w h e n ie thebcoefficient othe terrairparametero , anda € "GjQspecifies the link
function forthe probabilityof a PTL,r). Because the logis the log odds function,
expmentiating thdogit yields the oddsThe odds that PTL=1 i® 8
(Hosmer and Lemeshow, 2000)he odds are the probability that an event will occur,
divided by probability that it wonodt .
commonly phrased as fAfour to one odds. 0

Logistic regresi®n is essentially a linear regression on the probability of a PTL,

and thus, it shares many of the same benefimultiple linear regressidsut withoutthe
burden of many of thassumptions Analysis of logistic regression is guided by the same
principlesused in linear regressioaxcept that it is based on the binomial distribution

rather than the normal distribution, and the method of maximum likelihood is used to fit a

For
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logistic regression motldHosmer and Lemeshow, 2000An advantage of logisti
regression is thatmassumptions are made about the distributions of the explanatory
variables which can &ten be problematic for ordered or nnarmal data frequently used
in snow sciencée.g.,Birkeland, 2001)Observations assume independeree an
absence of multicollinearity amomgrametes is necessary for accurate egttions
(Hosmer and Lemeshow, 2000)

Logistic modelselection techniques are guided by methods descridédsmer
and Lemeshow2000)and Dalgaar@2008) | fit a full model with all of theerrain
parameters| also include the following quadratic formsel.eleV, slop€, prof, windf,
edge?, andwind.edgé. | exclusivelychese to include these for several reasons. Hirst,
considered the effetihat | am attempting to model widach termand how that effect
may have been exhibited the snowpackl hypothesizdghe selected terms may have
guadratic effects on the presencd@ls but includingthe quadratidorms of allof the
terrain parametersould have resulted in overfitting or finding a significant but
meaningless relationship during model selection. For example, the probability of finding
a PTL may be high at midlevations but low at higklevationsand lowelevationswhere
ridgetopwinds or avalanche debris strengthen the snowpeespectively Another
example is distance from windward edge, where faceting may be prevalent near the edge,
nonexistentn the middle, and prevalent again further from the middhéckvis modeled
by a quadratic form.Furthermore, previous research fouheé quadratic forms of slope
and wind indexo besignificantparametes of snow depth, while the linear counterpart

of slope was nafErickson et al., 2005)
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Using the terrain parameters and the quadratic terms described lateniteel
the full model to a list of redudemodelsby using an automated model selection
techni que t h a todekfiom alsemiexiauwstivé dearaf tillgpossible
models With just the main effectsonsideredthere are over 40,000 candidate models.
Glmulti is a powerful tool thatises a genetic algorithm to explore a random subset of all
possible models, but with a bias towards better models defined by an information
criterion(Calcagno and de Mazancourt, 201@®epeated simulations have shothat
the genetic algorithm effectively converges on the best models when compared to an
exhaustive seardCalcagno and de Mazancourt, 2010)my analysis, |dundmodels
that minimizethe corrected\ k a i k ermationICntdrion (Al€), whichis a widely
used statistical tool for comparing modafsd is preferred overtiek ai keds | nf or m
Criterion (AIC)for smaller sample sizéBurnham and Anderson, 2002AICc is

calculated a$ollows:

506aQ ¢i 0 —— (5)

wherek is the number of parametetsis the maximized value of the likelihood function,
andnis the sample size.

Automated stepwes methodsre commonly used for modehrameterizatioby
sequentially subtracting or adding previously removed parameters until a best fit is
reached Stepwise reduction lsased on significance testi(gg.,Birkeland, 20Q) ora
criterion such aalC (e.g, Guy and Birkeland, 2010)Though extremely popular in
model building, stepwise procedures are frequertly i t i ci zed f or having

b a s (Davieon, 2003 Thesestepwisanethods attempt to choose an optimal mduolet,
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depending on starting points astpping rules, forward and backmwis approaches

rarely convergéFig. 20).

Candidate models:

O
500
wF00 G e

OOO

Number of terms included in the formula

»
B

Fig. 20. Diagramshowing how stepwise models rarelynverge on the model with the
lowest AIC, indicated by the grey cirql€alcagno and de Mazancourt, 2010)

The gimulti approachimplemented with the glmulti pkage in R(Calcagno,
2011)compares all candidate models and ranks them basta@io®ICc value. One
advantage of gimulti over stepwisdesgion is that it ensures the best maaetording to
AICc s selected. AICis a measure of goodness of fit, but it penalizes each additional
term added to emodel in order to minimize ovifting and multicollinearity between
terms. The keyadvantagef gimulti is that, by rankinghe models with the lowest AEZ
it allows multi-model inferences. With a relatively small numbgkcarefully chosen
parameterand a robust automated selectieahiniquemy model selectiotechniques

notadishing expeditiord FurthermoreHosmer and Lemesho(2000)suggest that
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automated techniques aeef f ect i ve when fthe out come
and the important covariates may not be known and associations with the outcome not
wel | understood. 0o

| intentionallyexcludel interactions from the logistic regssion model for several
reasons(l) Thereare 18main effectdit to thefull modelwith quadratic termscluded
andthe numbenpof possiblepairwiseinteractions exceedl50. Includingall of these
termsin thefull modelincreases the chances ofding significant bumeaningless
parametes using automated model selectiof2) The number of potential models
explodesxpmentiallyif interactionsareincluded and is beyond the computing power of
the glmulti package. (3) The classification treessaggerior at modeling interactions and
will captureémportant relationships. (4) My primary objective is a cognitive
understanding of the interactions betwésmain parameters and snowpack weake®ss
notapredctive model Including numerous interachs will yield undesirable
complexity and challenging interpretatiofs) Given the amount of uncertainty with this
study, including more complex interactions compounds error and produces more
uncertainty.

Following theglmulti modelreduction | defined the number of models to be
averaged in thénal modelby previewing a plot of the toghirty models with the lowest
AICc values A general rule of thumb is that all models that fall within two values of the
minimum AICc should be considered for muttiodel inference¢Burnham and
Anderson, 2002)1 selecedall of the models thaefl below this threshold and weigtd

them according to their AICc valuesth a relative evidence weight 6f Y1 A

bei



66

Studentbased method proposed Byrnham and Andersdi2002)calculated
coefficients and the 95%confidencdevels Confidence intervals that include zero are
generally not highly significant, batre stillimportant if selected by AICc. Note that
significance testing of parameters is invalid for modbtssen withaninformation
criterion, but rather, confidence intervals should be examined (Greenwersd,comm.,
2011) | also calculated the odds ratios for each of the parameters in the model and their
95% confidence limits. The odds ratios are simply te&pmential of he coefficient of a
given parameter, but they provide a logical interpretation for the coefficients. If the
parameter increases byeunit, the odds ratio is the multiplicative effect on the
probability of a PTL occurring, given all othearameters areeld constantFor
examplewhen all other parameters are constant, an odds ratio of 1.8k pecan be
interpreted as: AA one degree increase in
P T L(Ramsey and Schafer, 1997)

| alsocalculateda measure of parameter importafmethe averaged logistic
modek. This is the sum of relative evidence weights for each dbtheodelsthat the
parameter appears in. Note that this measure of imporitaimterpreted differently than
importance of terms in the classification trees. In classification tredssthef
predictive power was calculated with the term removed from the model, wiieeeas
logistic model importancis a measure of how frequently each term appears in the best
models, weighted by how good each model fits. In logistic regression, thetamge of
a parameter highly depends on what other parameters are in the model. In an AICc

reduced model, a parameter with strong predictive power may not show up as important
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if a highly correlated term is a betfgarameter For examplewind.edgeandedgeare
expected to model similar behavior, and though they both maystrave associations
with PTLs it is unlikely that botlparametersvill be fit into thelowest AICc models.
The parameter with the strongest relationship will have a high importahde the
other will show little or no importanceThis is consistent with the assumption of absence
of multicollinearity for logistic models.

A number of diagnostic tests have been developed to assess goodness of fit for
logistic models, described Hosmer et al(1997)andHosmer and Lemesho{2000)
However, most of these tests apply to single model structiiany of these tests are
not entirely robust, and the process of reducifiglanodelis the best check on overall
fit, especially considering the robusttetion techniquéRamsey and Schafer, 1997)

Note thatl did implement several of these tests (the Pearsesaqtare/unweighted sum

of-squares test, dreip-deviance chisquare test, and the area under the ROC curve)

usingthes i ngl e Abest o mode |gsarter of ihemodefegpaowdokss mat e |
and found that the lowest AICc models are statistically significant and generally fit the

data well The details and results of these tests are superfhemasise modelveraging

is more robust and better thealying on asingle modeform (Burnham and Anderson,

2002) Checking for outliers is unnecessary because only two distinct values for the

response are possilflRamsey and Schafer, 1997)

A coarse method for assessing the ovditadind predictive ability of thénal
logistic modelis a 2x2confusion matrixo compare the percentage of predicted outputs

that match thelmservationgTable §. Because the predicted values for the logistic
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regression model are a range of probabilities from 0 to 1, it is necessary to define a cutoff
point, c. The value of the cutoff point can be changed to optimize Hueigiination
powerof the modelputfor simplicity | usel the most intuitive valuef c= 0.5for all of
the individual couloirs | transfornedthe predicted probabilitiefsom the averagetinal
modelinto binary data by rounding all values greater t®&nup to 1 and alfalues less
than0.5 down to 0 andalculatedhe success ratéEquation 2. Unfortunately, this
approach can givaisleading results becauselepends heavily on the distribution of the
probabilities in the samplgiosmer and Lemeshow, 200@or example, if the
weatherman predicts a 95% chance of rain, and it rainschesgfied asight. If the
weatheman predicts a 55% chance of rain, and it rains, he ickssified asight.
Clearly, the first weather model is a better predicidrerefore, | also calculated the
mean absolute error, which is the absolute difference between the predicted piedbabil
and the true observations averaged over the entire couloir. In the weatherman example,
the first model would have an absolute error of 0.05 while the second model would be
0.45. Thus, smaller mean absolute error values indicate the logistic regresslel
performs better. For each couloir, | also calculated the true skill statistic of the logistic
regression model like I did with the classification tree modedgiétion 3.

Thestructure of the dataeeds to be considered for logistic regresgiomeet the
assumption of independencéhis logistic regression assumes a binomial distribution,
with mearg z pand variance zn p 1 . If theparametes are clustered, that is, if we
observe numerous repeated valuegHeterrain parametey then the response may not

fit a binomial distributioRamsey and Schafer, 1997)his results in the variance of the
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observed response being greater than expected,deraedispersion Overdispersion
causes confidence intervals to be underestimated, but can be accounted for with an

inflation factoror dispersion parameter:

y = (6)
where the sum of squared Pearson residuals is divided by the degrees of freedom
(Ramsey and Schafer, 199 Hor eaclsinglecouloir, overdispersion is not an issue
because we have mostly unique response values. The sample sizes are relatively small
and most of the sapling pointsarespaced wider than the highly varialolee meter
DEM grids Thusthedata are unique and continuoumgh the exception of theiew
parameterwhich should have minimalverdispersiomn the entire model

When fitting a multicouloir modé as described in the following section,
overdispersion may be problematic. When overdispersassuspect, | modetdthe
logistic regression using a quasibinomial distributiofit & full model as before, but

rather than reduce the model using AlCeducel it using the quasfICc (QAICc).

The QAICc adjust$or the dispersion parametedq), as follows:

0 0 06 ©Q (7)

The remainder of the analysis is the same as foidspersed data, except thatdjusted
theconfidence intervals for the increased variance.
As with the classification tree modeling, | expldtee uncertainty in the

minimum slakcriterionfor a PTLfor the logistic regression modelingjrefit an
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averagedinal modelandcalculded parameter importance at different intervals of
minimum slab thickness. Because of the extensive computation time needed to reduce
and fit a final model, | i@ at only two other intervals. For couloirs where deeper slabs
were found, | redefirgtthe minimum slakcriterionat 30cm and 45%m, and for
shallowersnowpack, | refit for slabs at &m and 25%m.

Finally, | usel the averaged AIC(r QAICc)reduced models fahe fixed
definition of PTLs forcross validation as | did with the classificatimees. Calculated
two measures to compare the predictive power of the model: the success radex@ng
confusion matrix Equation 2, and themean absolute errorAs described earlier, the
success rate is a cr udetfethedistmatioesofb ecause i
predicted probabilitieand it depends on the prevalence of the respdviean absolute
errorquantifies the difference between each observation and the predicted probability at
the same locatioandit is a better measure foeporting relativdogistic model

performance across couloirs.

GroupwiseModeling

| repeakdthe classification tree and logistic regression modeling processes
described above for several groups of couloirs identified as having similaities
taking nto consideration the effects of overdispersibdesigmedfour groups based on
weak layer type: depth hoar, surface hoar, diurnal facets, and facets offTabkg). |
reducel these groups further intgeographi@roups based on proximity in spaaed date
of sampling (Tabld). These geographic groups incorporate two different scales of

analysis: mountain and cirque scalegy(21). Each of the cirque groups contains all of
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the couloirs that share the same headwall, cirque, or alpine basisariipéed the
couloirs in each of these cirques during roughly the same time period to minimize
temporal variability. The mountain scale analysis includes all of the couloirs on Lone
Mountain collected over two winter seasdrsn nearly all aspects and &wifferent

headwalls or cirques on the mountain

Scale
Comparisons

Fig.21. An illustration of the three different geographic scales used for modeling PTLSs:
couloir (or slope) scale, cirgfer headwallscale, and mountain scale.
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To betterassess the fit of the logistic model for the group modelingndan
optimal cutoff valudor calculating the success rate. Becaussetb@mple sizes are
considerably larger, more predicted probabilities fall near 0.5, so it becomes increasingly
important to define a cutoff value that optimizes the m@dability to dscriminate
between PTLs and neéTLsin thefi g r e y a@rourdr0.8& @0 estimate the optimal
cutoff value,l extracedthe lowest AICc model from the glmulti reduction and fit iato
Receiver Operating Characteristic (ROC) curve using the Epi packag@lar&ensen et
al., 2010) The ROC curve plots edefdhidi frfaegreent
values andstimateshevalue that optimizes thekill of the model for binary prediction.
For examplea logistic model might return a long list of predicted probabilities in a grey
area ranging between 0.4 and 0.5. Rathergk#acting all values abowecutoff value of
0.5 as PTLs, the model may have a better ability at discriminatingefecs all values
above 0.46 as PTLd.reporedthetrue skill statistis and tle associated success gate

with the optimal cutoff valafor these larger datasets
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4. RESULTS AND DISCUSSION

CaseStudy:Upper AZ1Depth Hoar layer

This section providea detailed, stepy-step illustration of th@reviously
described statistical methodsing the depth hoar layer in Upper AZ1 coulbi
demonstrate howhe analysis was conducted and how the various outputs can be
interpreted The details of thentermediateanalysisstepsare omitted for theemainder
of thecouloirs, but themportantfigures are includeth Appendk B and summaried in
tableswithin the body of this documeritnportant findings from theesultsare
summarized andiscussed in the following sections.

A moderatelydevelopedfist-hardlayer of depth hoar pervadenostof the upper
section of Upper AZhnd wasverlan with various crusts, mixed and faceted forms, and
new snow(e.g.,Fig. 15). In the lower sections of the coulaind near the sides of the
upper partthe hollow depth hoar layer transitgto a pencihard crust. Though still
composed of cupped gre, itis well sintered andonsidered noithreatening.Potential
Trigger Locations (PTLs) for the depth hoar layer in Upper A&defined as any
location with the presence of the weak, hollow depth hoar layer and an overlying slab of
at leastl5 cm(Table 2.

| mapped the spatial distribution of PTLs over grids of the terrain parameters for
previewing Fig. 22). Some relationshgbetween PTLs and terraisuch as a strong
relationship with the exposure of terrain and eleva@oa immediately agpent. Snow
depths for Upper AZ1 average 50 to@&8, andmostof the overlyingslabsrange

between 20 and 3fm (Fig. 23). Up p e r t&rdrlparameters are continuous but not
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normallydistributed thus the notparametric modeling techniques of classifion trees

and logistic regression are ideal for modeling this (&t 23).

Legend

Sample Point Exposure

@ Non-PTL . High : 8.0
® PIL

Low :-6.7

Fig. 22. Spatial distribution of PTLs and nd?TLs for Upper AZ1 over the grid of
terrainexposure. A strong association between PTLs and Ipesexe is apparent, as
well as an obvious trend of more PTLs at higher elevatiwhigh are at the top of the

figure.
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Fig. 23. Histograms of terrain parameters and snow observations for Upper AZ1,
showing a shallow snowpack ahdjh density of fairly shallow slabs. Terrain parameters
are shown in brown and snowpack parameters are shown in blue.

With a sampl e si z eordertorrédlaiion coBfficerdsramman6s r a
significant for values greater than 0.235 from a-taited distribution at the =0.05 level
(zar, 1972) A number of terrain parameters are significantly correlated M&HSIab,

andHDH (Fig. 24). The linear and quadratic forms edfige slope andelevhave

particularly strong correlations, as do the linear affectdasfandexpa
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Spearman Rank-Order Correlations

Fig.24. Heat map of Smpe arrclat@mcoesficianta forksnow depth
(HS), slab thicknessHSlab, and depth hoar thicknedddH). Correlations greater than
0.235 or less thai®.235 are significant (shown in lighter color values).

With the exception oédge all of the parameters reject the null hypothesis
of the KStest that the PTL and ndATL samplesre from the same distributigmable
7). In other words, the distribution of these terrain parameter values at PTLs differ
significartly from nonPTLs, and this suggests that, when considered independently, each

of these terrain parameters has the potential to help discriminate between PTLs-and non
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PTLs. A comparison of the estimated probability distribution functions (PDFs) shows
geneal patterns of how differences between the presence or absence of PTLs are
conveyed in the terrain. For example, PBppear tdhave a higher density at higher
elevations and less exposed terr&iig( 25), suggesting that for this couloir we are more
likely to find a PTL in those areas. Furthermore, this suggests that a snow pit dug at
lower elevations or more exposed terrain is likely to give misleading results about
instabilities higher on the slope or in more sheltered terrain. Thesamatenstert
with the results of the K$est (Tables) and the patterns identified from the m&jg(

22).

Table6. Results fom the KStest onwhether theéerrainparameters come from the same
distributiors for PTL and norPTL occurrenes. The parameters that reject thetk§
have the potential to independently discriminate between PTLs and non PTLs.

Parameter | P-Value Horesult
elev 0.0002 reject
slope 0.0412 reject
EW.aspect | 0.0172 reject
NS.aspect 0.0172 reject
prof 0.0075 reject
plan 0.0090 reject
solar 0.0048 reject
wind 0.0002 reject
expo 0.0001 reject
edge 0.5543 | fail to reject
wind.edge 0.0028 reject
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Fig. 25. The distributions o&lev andexpo(b) for PTL and norPTL observationsFor
Upper AZ1, PTLs are associated with higher elevations and less exposediamain
nonPTLs

To explore hierarchal relationships between PTLs and terrain parameters, | fit a

full model ofall twelve parameteris the classification tree model tife form:

PTL~edge + prof + expo + rel.view + slope + rel.elev + rel.solaplan +
wind.edge + wind + EW.aspect + NiSpect (8)

Cross validation error of the overfit tree is minimized at a complexity parameter of 0.13,
corresponding to a pruneké size with three nodesig. 26).

The pruned tree recursively partitions 29 +RFL locations with threshold values
for rel.eley plan, andedge The final model correctly classified aut five of the
observations (Fig. 27)Note that independentlgdgeis not found to have differing
distributions for PTL or non PTL locations, but its interactions wetlelevandplan lead

to its inclusion in the tree model. The interaction is as follostselatively higher
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Fig. 26. Crossvalidation results for tree pruning. Thellow dot indicates the

complexity parameter that minimizes crasdidation error. The classification tree was
pruned back to this complexityhe upper blue line shows relative cross validation error
ard the lower green line shows relative error.

locations in the couloirél.elev>=0.36), where the plan curvature of the slope is
relatively more concaveplan< 3.6), PTLs are unlikely within 0%m of the edge of the
couloir edge>=0.65). This redtionship makes sense. In the upper part of the couloir
(highrel.eley) there is an absence of PTLs near theliiadl ridges(high plan) where

wind prevented significant snow or slab accumulation and subsequent melting from
exposed rocks strengthened suerounding snowpackOtherlocations near the sides of
the couloir that araot near the faHine ridges are also typically too shallow for

significant slabs, thus the inclusionaxfge.This example highlights the importance of
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considering the how teain parameters interact in full models rather than just their

independent influences (as identified with the-t€St).

PTL Classification Tree

m PTL
rel.elev< 0.3585 | rel.elev==0.3585 No PTL

plan< 3.627

edge>=0.6453

2/0 5/41

Fig. 27. The pruned classification tree for Upper A@ilith 3 nodeyshowing that most
of thediscriminatirg power for PTLLomes fronrelative elevation in the first node.

Using the same structure and fitting principals as the classification tree,
the Random Forest baetrapping technigue creates a more robust predictive model for
comparison with other cdnirs by averaging the most important trends in the data
(Breiman, 2001) The pruned tree described above is likelyithee st 06 cl assi f i c &
forthedatabyby repeatedl yofwagbhoOOBhgsamptes of
the model, and crosslidating the accuracy using these OOB samples to hone in on a

group of Agoodo tr ee slthatldoesmotrelaan etricate c | as si f i
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relationships that may be spurious or too specific for comparing to other couloirs. The
parameter importance from this robust Random Forest model, quantified by the mean
decrease in accuracy, is plotted for two scenaFioed PTLs and Uncertain PTLs. For
Fixed PTLs | maintain the minimum slabterionfor a PTL atl5 cmand plot the
parameter importance from the Random Forest model. For the Uncertain PTLs |
iteratively refit the Random Forest model with increasingimim slab criteria from 1
cm to 40cm and average the importance values at stagh

Rel.elevhas the most predictive power for both Fixed PTL and Uncertain PTL
scenariosKig. 28). This suggests thatgardless otheuncertainty in defining the
minimum slab required for a PTtel.elevis still a strong parameter. Again, this agrees
with our observations because in the lower portion of the couloir, we found no depth
hoar, but at the higher elevations, depth hoar was fairly widespread, so regafthes
minimum slab criteria foPTLs, the lower elevations are still considered-Radi.s
without the presence of a weak layer. The Random Forest model for the Fixed PTL has
an OOB estimated success rate of 80% for this datam€&he decrease in aceay for
rel.elevis 0.08, suggesting that in the absenceebéley the model is only capable of a
72% success rate. None of the other parameters are particularly robust to changes in PTL
slabcriteria, butplan, expq andrel.vieware noticeably morariportant for the fixed
definition of PTLs. The model shows good discrimination ability for PTL andRdrs

with a true skills score of 0.59 (Tabig



82

Forest Parameter Importance
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Fig. 28. Terrain parameter importance for tRandom Forest modér Uppe AZ1.
Fixed PTL points show the importance when the minimum slab onteril5 cm.
Uncertain PTL points show the importance when the minimum slabi@nitearies from
1 cm to 40 cm.

| also fit a smoothed regression line to a plot of the mean dedreascuracy
values for selected strong parameters versus the minimum slab criteria for B¢ TL (
29). In the absence of any slabl.elevis the only strong parameter, with a small effect
from rel.view. This implies thatel.elevis strongly associat with depth hoar presence,
while the other parameters are more closely associated with slab thickness. Note that all
of the parameters converge on zero ne&z @n slab. This is a bgroduct of the data

and bootstrapping technique, rather than a miagful relationship, which consistently
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appears in many of thedividual couloirdatasets Because there are only several
locations observed with slabs thicker tharc80(Fig. 23), it is difficult to model their
presence.Thebootstrappingtechniquamakes itnearly impossible to find a parameter

that consistently predicts the location of those few points.

Table7. Confusion matrix for the prediction of Upper AZ1 observations using the
Random Forest model.

Observed

Predicted

In order to test how effective the specific PTL/terrain relationsdmigdor this couloir

when used to predict PTLs for other couloirs, | cresigdated this Random Forest model

to the entire dataset ofiénty other couloirs. | applied the same nodes and branches from
the averaged classification trees to the terrain values associated with the other couloirs,
and compared the predicted results versus the results that we observed from the field. |
averagedhe mean success rates and true skill statistics for the entire dataset of all weak
layer types, for each unique weak layer type, for each group that contains depth hoar as a

weak layer, and for each winter seaseig(30. Thepredictive success raterfthe
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Parameter Importance
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Fig. 29. Smoothed regression lines for the importance of selected parameters plotted
against changing minimum slab criteria.

entire dataset is 51%, which is essentially the same as flipping a coin. In other words, the
specific hierarchal relationships defining the presence/absence of PTLs in this one couloir
only correctly predicted 51% of all of our snowpack observations through the course of
two seasonsThereis little improvement in the predictive ability for groaighat might be
expected to have similarities, such as the other Upper A to Z chutes, other depth hoar
layers, or other samples collected during the same season. Thealidsed true skill
statistics show the same pattern of poor model discriminaboity. These results imply

that the relationships between PTLs and terrain identified by the Random Forest model
are specific to Upper AZ1; thus, predicting locations of PTLs in other couloirs based on

these specific relationships would be unsuccessful
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Tree Cross Validation Accuracy
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Fig. 30. Success rate (a) and true skill score (b) exadislation results for Upper AZ1
Random Forest model against different weak layer types, different groups with depth

hoar, and different winter seasons.
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Random Forst classification model predictions utilize specific hierarchal and
threshold relationships within the data. To explore the possibility of highlighting
differentlinearrelationships, and to test their predictive success when-catidated
against othecouloirs, | apply an entirely different model structure to the same data from
Upper AZ1. | fit a logistic model of all of the linear main effects and thesglected
guadratic terms, with the form:
PTL ~edge + edge+ prof + prof? + expo + rel.view+ slope +
slopé + rel.elev + rel.ele? + rel.solar + plan + wind.edge +
wind.edgé + wind + wind? (9)
The gimulti genetic algorithm finds the top 30 models with the lowest Batcagno

and de Mazancourt, 2010) select all of the models that fall within the threshold of two

AICc values of the minimum AICc model as the final logistic mo&ej.(31).

IC profile

60
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Support { aice)
58

57
.
.

56
L]

55

0 5 10 15 20 25 30

Best models

Fig. 31 Profile of AlICcvaluesfor the top 30 models in the gimulti reductiontioé full
logistic regression model fddpper AZ1. The red line indicates the threshold value at
which all models below it are selected for the final logistic model
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Table8. All of the models averaged for the final logistic moaeUpper AZ1.

AlCc Lowest AlCc Model

54.87 PTL ~ 1 + expo + rel.elev + rel.elév

55.25 PTL ~ 1 + expo + rel.elev + rel.elév wind.edge

55.54 PTL ~ 1 + expo + rel.view + rel.el + rel.ele?

55.81 PTL ~ 1 + edge + expo + rel.elev + rel.efevwind.edge
55.89 PTL ~ 1 + prof + expo + rel.elev + rel.elév

56.20 PTL ~ 1 + edge + expo + rel.elev + rel.efev

56.63 PTL ~ 1 + edgé+ expo + rel.elev + rel.eléi+ wind.edge
56.64 PTL ~ 1 + expo + rel.elev + rel.elév rel.solar + wind.edge
56.68 PTL ~ 1 + edgé+ expo + rel.elev + rel.ele¥

56.77 PTL ~ 1 + expo + rel.elev + rel.elé¥ rel.solar

In this case, ten models are selected and weighted according to thei{TAlS&8).

Again, rel.eley and additionallyrel. ele are in every model and have the highest
parameter importance, along wekpo(Fig. 32). Becausexpoandplanare highly
correlated parametelisis not surprising to see only one of them in the mogtartant

terms, unlike in the Random Forest model. Here it seems that a linear relationship with
expobetter describes the ridge scouring tp&m without correlating with other terms.

The logistic model shows an improved success rate over the Randest irodel,

predicting 87% of the observations correctly based on the terrain.
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Logistic Parameter Importance (HSlab=15)
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Fig. 32. Importance of parameters in the logistic regression of Upper AZ1 for a
minimum slakcriterionof 15 cm.

Parameter importance varies for obas in slab criteria for PTL&ig. 33). Again,
rel.elevandexpoboth appear important for changing minimum slab criteria, suggesting

that these are robust predictors of PTLs for Upper AZ1.



89

Logistic Parameter Importance (HSlab=5)
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Logistic Parameter Importance (HSlab=25)

(Intercept) °
b

I(rel.elevt2) L
prof .

expo .

I(slope*2) .

I(prof'2) L4

I(edge”2) L4

slope .

plan L4

rel.solar .

l(wind"2) L4

T T T T T
0.2 0.4 0.6 0.8 1.0

Relative Support

Fig. 33. Importance of parameits in the logistic regression of Upper AZ1 for a
minimum slakcriterionof 5 cm (a) and 25 cm (b).
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A computational problem arises in |l ogis

in that it is abldo correctly separate all of the successes and failuféis leads to
probabilities of 100% or 0%, and yields very large estimates because the model attempts
to transition rapidly at the threshold point, rather than linearly (Greenweaosl,comm.,
201]). These terms are highly important, even though ltizen large standard errors

and massive confidence intervaldowever their coefficients, logpdds ratios, and
confidence intervals are difficult toterpret. Upper AZ1lis one of the few couloirs in

this study with the problem of perfect separa(dable 9). Rel.eleyrel.eleV, expq and

the intercept combine to create one of several models with perfect separation, which is
readily apparent because of their large confidence interfddese terms are highly
important in the model, antie signs oftieir coefficients are still meaningful for
interpretation. The negative coefficientedfpoimplies that for increasing exposure
values, the probability of a PTL decreases (has a negative linear relationship) when all
other parameters are held constatte inclusion ofel.elevandrel.ele in the same

model may seem unusual, but they combine to explain dimegar probability of PTLs.

The positive coefficient forel.elevand negative coefficient foel.elev? implies that at

lower elevations (smaikl.elevvalues) the probability of a PTL increases. However,
with increasingel.eley the negative coefficient ael.eleV gains power, and thus, the
probability of PTLs at higher elevations decreases again. This highlights a relative
clustering of PTs in the middle of the couloir, which is evident from the PDFebtlev

(Fig. a) and the map of PTL&Ig. 22). This example demonstrates how both
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modeling techniques are capable of explaining the strong relationship beehekav
and PTLs despitdifferences in model structure.

The other estimates included in the final averaged model have standard
interpretations from their odds ratios. For examgtigehas an odds ratio of 1.10,
meaning that if all other terms are held constant, mosmegmeer further from the edge
of the couloir yields a 10% increase in the probability of finding a PTL (Table 10). This
agrees with our observatiares we sampledoser to the edge of the couloir, we were
more likelyto find an insignificant slab above thepdh hoar or no depth hoar at all.
Table9. Coefficients, odds ratio95% confidence limits, and importance values for the
averaged final logistic model of Upper AZ1. Parameters that are considered highly

significant, based on their exclusion of zero in their confidence interval, are highlighted
in green.

Upper Lower

Lower | Upper Odds | CL Odds | CL Odds
Estimatess CL CL Ratio Ratio Ratio | Importance
Intercept -9.931| -17.793| -2.070| 5.00E05| 1.26E01 0 1
expo -9.193| -15.710| -2.676| 1.00E04 | 6.88E02 0 1
rel.elev 34.218 9.790 | 58.649| 7.26E+14| 2.96E+25| 17817.93 1
rel.elev‘2 -26.336| -45.512| -7.160| 0.00E+00| 8.00E04 0 1
wind.edge| -0.092| -0.368| 0.184| 9.12E01 | 1.20E+00] 0.6922 0.386
edge 0.092| -0.270| 0.454| 1.10E+00| 1.57E+00| 0.7637 0.193
edgé?2 0.007| -0.024| 0.038| 1.01E+00| 1.04E+@ 0.9759 0.139
rel.solar -0.201| -1.148| 0.746| 8.18E01| 2.11E+00] 0.3173 0.136
rel.view -0.280| -1.422| 0.863| 7.56E01 | 2.37E+00] 0.2412 0.121
prof 0.032| -0.102| 0.165| 1.03E+00| 1.18E+00| 0.9025 0.102

The crossvalidation results from the logistic regression model show equally poor
predictive power as the Random Forest model, with success rates hovering around 50%

and mean absolute error around G:lg(34). This reinforces the conclusion that this
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couloird s actbristics areelatively unique, anthatpredictingPTLs in other couloirs

basedon thespecific relationshipfrom this couloir is challenging at best.
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Fig. 34. Success rate (a) and absolute error (b) evadation reslts for the final
logistic model of Upper AZ1.
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In summary, classification techniques or logistic regression models are both
capable of successfully modeling the observed patterns of PTLs in Upper AZ1, with
success rates above 80%. While some of thenslacy parameters vary in the models,
both model structures agree on a very strong association between relative elevation and
PTLs that is robust to changing minimum slab criteria. Exposure is also important in both
models and robust to different slab aigie but with a somewhat weaker contribution.
Although the models suggest that specific relationships exist between PTLs and the
terrain for this couloir, these relationships carry poorly to other couloirs. For example,
the classification modefsr this couloirdraw a considerable amount of success from the
strong relationship withel.elevby partitioning a high proportion of observations towards
PTLs above a relative elevation threshold of 35%. This specific relationshipatoes
successfully apply tthe othercouloirs inthis study, thus the poor crossalidation
results. However, this case study illustrates how for a specific couloir, certain terrain
parameters are strongly associated and able to reasonably predict the presencénof PTLs

that coloir.

Depth Hoar Results and Discussion

Individual Couloirs

The results and discussion in this section are for all of the couloirs in which a
layer of depth hoar (or developed facets at the base of the snowpack) was tracked. This
includes all of theouloirs on Lone Mountain and the two couloirs on Teton Pass. PTLs
for these data are defined as any location with the presence of a basal weakness and an

overlying slab of at leadt5 cm(Table 2). Here | examine whether our observations of
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depth hoaPTLs can be successfully modeled for each individual slopgfasaj which
parameters are most important for these models and how welhtloelets apply to other
couloirs. The results ahe KStests andndividual modeling are summarized in Tables

10and 1land Fig.35.

Parameter Importance
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g 30 - W Logistic
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% o5 @ Random Foresi
% B Pruned Tree
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Fig. 35. Cumulative measures of importance for each parameter for depth hoar PTLs
from four tests: significance from the K8&st, first node in the pruned classification tree,
most important parameter ingflRandom Forest model, and appearance in the lowest
AlICc logistic regression model.



Table10. KS-test results testing whether the distributions of individual couloir depth hoar PTLs affT hsrare different for each
parameter. Significamesults, indicated by bold text and green cells, suggest that the parameter may be useful in independently
discriminating locations of PTLs.

Kolmogorov-Smirnov goodnessof-fit test results: P-values

Couloir
ID# 1 2 5a 6a 7a 8a 9a 10a 11 12 13 14 15a 16 17a 18 19a 20 2la

rel.elev 0.03 0.00 0.00 0.46 0.00 0.02 0.38 0.11 0.90 0.08 0.71 0.01 0.26 0.19 0.08 0.01 0.63 0.83 0.00

slope 0.41 0.09 0.04 0.59 0.00 0.40 0.07v 0.06 0.77 0.37 0.98 0.12 0.15 0.89 0.70 0.05 0.21 0.50 0.16
EW.
aspect 0.30 0.01 0.02 0.82 0.26 092 042 0.64 0.77 0.30 0.69 096 0.28 0.57 0.63 0.55 0.10 0.04 0.77
NS.
aspect 0.25 0.01 0.02 0.82 0.65 0.98 042 0.97 063 0.24 0.30 0.96 0.40 0.65 0.07r 0.89 0.16 0.04 0.77

G6

prof 0.26 0.26 0.01 0.83 0.33 0.99 093 0.04 082 051 097 048 052 035 046 0.18 0.73 0.67 0.02
plan 0.10 0.97 0.01 0.04 010 0.60 098 048 0.27 0.34 0.03 0.64 0.66 0.11 0.61 0.39 0.00 0.58 0.68
solar 0.27 0.03 0.00 0.70 0.03 0.31 0.27 0.23 055 0.85 0.34 0.12 047 054 0.74 0.02 0.29 0.21 0.24
wind 0.59 0.00 0.00 0.00 0.09 0.91 0.67 0.22 094 0.04 0.23 0.23 091 055 0.53 0.45 0.59 0.66 0.80
expo 0.18 0.31 0.00 0.00 0.08 0.07 0.32 0.17 0.06 0.22 0.06 0.92 0.51 042 0.94 0.66 0.01 0.83 0.59
e(?ig; 0.30 0.01 055 0.26 0.00 0.38 0.03 0.15 0.10 0.14 0.99 0.02 0.00 0.21 0.10 0.26 0.34 041 o0.01
wina.

edge 0.38 0.01 0.00 0.60 0.10 047 0.12 0.11 047 0.88 058 0.71 0.07 1.00 0.25 0.14 0.15 0.53 0.11




Table11l. A summary of predictive success and skill for both model structures |leesweost important parametexrssociated with
these models for the individual couloir modeling of depth hoar PTLs.

- Logistic
: _RF most RF RE _RF most Logistic Logistic True
Coulel; First node Important True Success Important Lowest AlCc logigic model Mean Success  Skill
ID# (Fixed Skill Rate (Uncertain Absolute Rate
PTL) Stat PTL) Error Stat
1 rel.elev rel.elev 0.11 61% rel.elev PTL ~ 1 + prof*2 + expo + rel.elev  0.37 73% 0.35
+ rel.solar + wind.edge + wind
2 rel.elev rel.elev 0.36 69% rel.elev PTL ~ 1 + piof + rel.elev + 0.35 75% 0.46
rel.elev”2 + wind + wind"2
5a rel.elev rel.elev 0.55 80% rel.elev PTL ~ 1 + expo + rel.elev + 0.20 87% 0.72
rel.elev2 8
6a wind wind 0.43 71% wind PTL ~ 1 + rel.elev + wind 0.33 79% 0.57
7a edge slope 0.37 74% slope PTL ~ 1+ expo + rel.view + 0.26 79% 0.42
slope”2+ rel.elev"2 + wind"2
8a rel.elev rel.elev 0.18 62% rel.elev PTL ~ 1 + prof + prof*2 + expo + 0.29 79%
rel.elev + rel.elev*2 + plan + 0.57
wind.edge + wind.edge”2
9a edge rel.solar 0.12 57% wind PTL ~ 1 + edge +prof + prof*2 + 0.32 78% 0.52
slope + slope”™2
10a prof prof -0.05 49% rel.elev PTL ~ 1 + edge”2 + rel.view + 0.43 70% 0.31
rel.elev + rel.elev*2 + rel.solar
11 expo rel.solar -0.15 42% rel.solar PTL ~ 1 + edge”2 + expo + slope®  0.40 71% 0.42
+ wind.edge”2 + wind + wid"2
12 wind wind 0.22 65% wind PTL ~ 1 + edge + expo + slope + 0.37 72%
slope”2 + rel.elev"2 + rel.solar + 0.39

wind + wind"2
13 plan wind -0.15 51% wind PTL ~ 1 + prof*2 + expo + wind"2 0.40 69% 0.08




Table 11 Continued

14 edge edge 0.31 66% edge PTL ~ 1 + prof +prof*2 + slope + 0.40 72% 0.40
wind.edge”2

15a edge edge 0.13 58% edge PTL ~ 1 + edge + expo + wind.edg  0.42 68% 0.34

16 rel.elev rel.elev 0.00 75% rel.elev PTL ~ 1 + rel.elev*2 + plan 0.31 80% 0.16

17a NS.aspect wind -0.02 60% wind.edge PTL ~ 1 + edge? + rel.elev + 0.35 71% 0.22

wind.edge”2 + wind
18 wind.edge  rel.solar 0.10 60% rel.solar PTL ~ 1 + edge + edge”2 + 0.37 73% 0.31
rel.solar + wind"2

19a plan plan 0.06 57% plan PTL ~ 1 + prof + expo + slope”2 +  0.36 75% 0.49
rel.elevi2

20 EW.aspect NSaspect 0.13 58% NS.aspect PTL ~ 1 + expo + wind.edge”2 0.46 64% 0.18

2la rel.elev rel.elev 0.31 72% rel.elev PTL ~ 1 + edge + prof + rel.elev + 0.28 82% 0.62
rel.elev2

Mean 0.16 62% 0.35 75% 0.40

L6
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The modeling of individual couloirs shows a widege of different parameters
are influential in PTL modeling. Sixteen of the nineteen samples have at least one
parameter that has a significantly different distribution for PTLs anePids (Table
10). Rel.devandedgearemost frequently associatedth these differences, per the KS
test. The first node used in the pruned classification tree, which indicates which
parameter best differentiates the PTLs observations froaPias, is also most
consistentlyrel.elevandedge(Table 11). In the Randm Forest modelsgel.elevis most
frequently the most important as weWindappears second most frequently. Both of
these parameters are robust to changes in thesRbtriteria, implying that they are
important no matter the slab depth considerBoe important parameters in the final
logistic models are more variable between couloirs and include some parameters that are
notimportant in the classification models. Howevet,elevand/or its quadratic term are
again i n the magistcmiodely, followed bgkpein ifmgpeasce 0 |
(Table 1). Inthe cases where the most important term from the Random Forest model is
not used in the logistic model, it is usually because the logistic model selects a correlated
parameter that describesiailar physical process but is more effective in doing so
linearly. When all of these measures of importance from each model or statistical test are
consideredrel.elevhas the most discriminating power of all of the paramédkeags 35).

Random Fordamodel success rates range from 42% for the Claw on Teton Pass
to 80% for Upper AZ1, averaging 62% (TablB.1Logistic model success rates are
consistently higher, predicting on average 75% of the observations correctly with over

twice the model skillThe mean absolute error is 0.35, so that on average for each sample



99
point the predicted probability from the model is 35% off of the true observation. Given

the highly complex and variable nature of these couloirs, this is an encouraging result.

Table1l2. Averaged cross validation results for depth hoar PTL models of each of the
individual couloirs used to predict PTLs for each of the remaining couloirs.

RF success RF True Logistic Logistic absolute
rate Skill Stat successrate  mean error
Average Xval Results  52.1% 0.017 51.6% 0.489

Similar to the AZ1 case study, cross validation results between couloirs or within
common geographic groups or common weak layers are generally poor, averaging 52%
for the entire dataset (Tabl@)1 Although the two models differ in structure and
frequency in the parameters used, their prediction success rates are comparably poor
across couloirs. True skill scores and absolute mean errors fluctuate over the entire
crossvalidated dataset, but gerally show an inability to discriminate (Tabl2)1
Several exceptions exist where creadidation results are more promising, particularly
within the UppelA to Zsand the Headwaters. For example, Upper AZ3 averages a 59%
success rate and a true skibre of 0.19 across the other Uppdo Zsin the Random
Forest model (Table3). This is only an 11% decrease in success from the estimated
success rate for the data used to calibrate the model. These successes are usually limited
to only the geograpt group that the couloir belongs to and reg tlepth hoar group as a

whole.
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Tablel13. Cross validation results for the Random Forest model for Upper AZ3
compared to other couloirs on the same headwall.

Crossvalidation statisc Current: AZ3 AZ1 AZ2 AZ4 AZ5

True Skill Stat 0.27 020 0.20 0.16 0.20
Success Rate 70% 61% 59% 55% 62%

A more typical example of crosalidation results is Great Falls where success
rates fluctuate above or below 50% and are only slightly ab@efér couloirs of the
same geographic group, the North Summit in this case 36&). The worstase
scenario is exemplified by Upper AZ2, where the Random Forest model predicts nearly
all of the other couloirs worse than the flip of a cdtig( 3b). These results show how
specific rules of thumb for the terrain in one couloir would be troublesome if applied to
others.

Results from the individual couloir models have numerous implications. First, it
appears that several parameters are more frédgassociated with the presence or
absence of PTLs, namelgl.eley edge expoandwind. This implies that differences in
PTLs are most frequently associated with different elevations along the couloir, different
distances from the edge of the couloirddferent levels of wind or terrain exposure
(e.g., Fig. 37) These parameters are all closely related to the effects of wind loading,
wind scouring, and wind protection, a point which | explore in the following sections.
Relative elevation is the mastportant parameter in nearly half of the couloirs. Sehe
results have importaimplications: a snowpit showingthe presencer absencef a
weakness at the bottom of a couloir is unlikely to be representative of the top, and vice

versa. The same cagyut applies to these other important parameters.
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Fig. 36. (a) Crossvalidation results for Great Falls, exemplifying typical creaBdation
results from the set of 21 couloirs. (b) Upper AZ2 showing wWease scenariargss
validation results, where applying the model to other couloirs causes worse predictive

success than flipping a coin
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Fig. 37. Examples of four parameters that are most commonly associated with
presence/absencé PTLs fr individual couloirs. (a) Relative elevati¢in) Distance
from the edge of the couloir. (c) Exposure index. (d) Wind exposure index.
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Although results suggest that some parameters are more frequently associated
with PTLs, the crossalidation result suggest that their slojseale influences vary
significantly and are generally unpredictable from couloir to couloir. For a given
parameter that appears important in several couloirs, unique thresholds are used in the
classification trees and differecefficients are used in the logistic regression models,
and these modeled effects wat appear to carry over well from one couloir to the next.
In several cases, a given terrain parameter actually has an entirely opposite effect on the
presence of a PTLFor example, higher relative elevations are strongly associated with
PTLs on Lone Lake Couloir, while more PTLs are found at the lower elevations on
Upper AZ4.

The marginally successful cresalidation results for several couloirs such as
Upper AZ3suggest that in some cases, specific terrain influences from one couloir may
be somewhat useful for predicting weak zones for other couloirs in the same cirque. The
best predictive success rates are for couloirs where | was most capable of predicting PTLs
as we moved across the slope during field sampling. This is exciting because it suggests
the models incorporate some of fhteysicalprocesses that | intuitively draw from as an

experienced practitioner.

Geographic Groups

The following results and disssions are for all geographically similar groups in
which we tracked depth hoar (Table 2). This analysis changes scale from individual
couloirs to groups of closely spaced coutmiicouloirs at the mountain scale (F&j). |

also consider the multhountain range scale by combining the Teton Pass couloirs with
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the Lone Mountain couloirsData for each grougreanalyzed as a whobnd
summarized in Tables 1418, with statistical outputs in Appendix B thenattempt to
explain slopescale terrain/PL relationships that exist at the cirque or headwall scale,

mountain scale, or muithountain range scale.

Tablel1l4. Model success rates and true skill scores (TSS)dpth hoagroup modeling.

Pruned Prmned Pruned Random Random

Tree Tree Tree Forest Forest Logistic  Logistic
Cirque Groups nodes  Success TSS success TSS Success TSS
The Gullies 8 79% 0.60 67% 0.27 68% 0.21
Upper A to Zs 7 75% 0.49 68% 0.34 68% 0.34
Teton Pass 10 80% 0.61 42% -0.17 53% 0.01
Headwaters 6 69% 0.45 62% 0.12 56% 0.18
North Summit 8 78% 0.53 60% 0.03 61% 0.22
Lone Lake Cirque 8 85% 0.71 59% 0.09 54% 0.22
Cirque Means 7.8 78% 0.57 60% 0.11 60% 0.20
Lone Mountain 2 63% 0.28 62% 0.18 52% 0.10
All Depth Hoar

2 63% 0.28 63% 0.18 52% 0.10

Samples
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Tablel15. KS-test results fodepth hoarcouloir groups, testing whether each parameter

has a significantly different distribution for PTLs in comparison to non PTLs when
considering all of the couloirs in a single geogragiroup. Significant results, identified

by bold font and green cells, suggest that these parameters may be independently used to
indentify PTLs across an entire cirqgue or mountain.

Kolmogorov-Smirnov goodnessof-fit test results. P-values
All Depth
Upper Teton N. Lone Lone Hoar
Group Gullies AZs Pass Headwaters Summit Lake Mtn Samples
rel.elev 0.22 0.10 0.36 0.32 0.91 0.00 0.64 0.64
slope 0.14  0.00 0.54 0.01 0.02 049 031 0.31
EW.aspect 0.07 0.17 0.28 0.67 0.42 0.24 0.04 0.04
NS.aspect 0.07  0.29 0.96 0.53 0.06 0.24  0.00 0.00
prof 049 0.12 0.05 0.21 0.40 0.14 0.09 0.09
plan 0.41  0.00 0.83 0.03 0.14 0.92 0.60 0.60
rel.solar 0.04 0.03 0.87 0.60 0.06 0.87 0.54 0.54
wind 0.03 0.28 0.65 0.35 0.73 0.73 0.13 0.13
expo 0.44  0.00 0.20 0.05 0.11 0.53 019 0.19
edge 0.50  0.00 0.80 0.00 0.07 0.18 0.00 0.00
wind.edge 0.28  0.47 0.31 0.21 0.13 0.24 0.22 0.22

Tablel16. The toplogistic model for eaclidepth hoagroup with the lowest QAICc.

Group Lowest QAICc Model

Gullies PTL ~1 + prof + expo + rel.view + wind
Upper AZ's PTL ~ 1 + expo + rel.view + sloge wind®
Teton Pass PTL~1

Headwaters PTL ~ 1 + edge

N. Summit PTL ~ 1 + edgé+ wind.edgé

Lone Lake PTL ~ 1 + prof

Lone Mountain PTL ~ 1 + edge + edde
All Depth Hoar PTL ~ 1 + edge + edde
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Tablel7. The most important parameters for each depth hoar group, their general
association with PTLs, and under what minimum slab criteria they perform best.

Robustess to Uncertain

Parameter  PTL distribution pattern PTLs

rel.elev more at lower elevations below 45% all slabs
Prof more on moderate concave slopes all slabs
Wind more in moderate wind shelter thick slabs
Aspect more on aspects 2 45, less on 65to 95 thin slabs
wind.edge more 12 to 23 m from windward edge thick slabs
Expo more on unexposed terrain thin slabs
rel.view less at more visible points from ridge all slabs
Wind more in moderate wind shelter all slabs
Edge more further than 2.5 mdm edge thick slabs
Sope more below 46 thick slabs
rel.elev more at lower elevations below 25% thick slabs
rel.solar more between 50% and 95% all slabs
Prof more on convex slopes all slabs
rel.solar more above 50% thick slabs

more further than 3 m from edge, less at th

Edge furthest from edge all slabs
Wind more at higher wind exposure thin slabs
Expo less at highly unexposed thin slabs
Plan less at highly concave all slabs
Sope more below 43 all slabs
Edge less further than 7 m from edge thin slabs
wind.edge more 15 m from windward edge all slabs
rel.elev more at upper elevations above 50% thin slabs
Prof more on concave slopes all slabs
wind.edge more closer than 8 m frorhe edge thick slabs
Aspect more on aspects 2950 320 thick slabs
Aspect more on aspects 13t 180 thin slabs

Edge

wind.edge
Wind
rel.view

more between 3 m and 6 m from edge
more between 3 m and 7 m from winard
edge

more in moderate wind shelter
more on less visible slopes from ridgeline

moderate slabs

thick slabs
thick slabs
thick slabs
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Table18. The most important parameters in edelpth hoagroup and the measures
used todentify their importance.

Pruned Tree  Random Forest Logistic Logistic Logistic
Mean Significant
Level of Node Decrease in Relative confidence
Parameter Appearances Accuracy Support intervals?  Odds Ratio
rel.elev.  None 0.024  rel.elev=0.10 no
prof 4th 0.008 prof=1.00 yes 1.074
wind  None 0.010 wind’=0.90 no
aspect NS=2nd NS=0.022 NS=0.00 no
EWE 0.014 EWE0.00
wind.edge None 0.009 0.00 no
expo 1st 0.024 expa=1.00 yes 0.920
rel.view None 0.013 rel.view=0.96 yes 0.751
wind None 0.018 wind?=0.77 no
edge  4th 0.016 edgé=0.10 no
slope  6th 0.011 slop€é=0.84 no
slope=0.16
rel.elev  3rd 0.013 rel.elev=0.28 no
rel.solar 2nd, 8h 0.010 rel.solar=0.34 no
prof 1st, 2d 0.010 0.00 no
edge 1st, 4h 0.007 edge0.84 no
edgé=0.07
wind  5th 0.009 wind*=0.09 no
wind=0.06
expo 2nd 0.004 expe=0.14 no
plan None 0.004 plan=0.07 no
slope 3rd 0.008 slope=0.07 no
edge  1st, 4th, h 0.008 edgé=0.96 yes 0.998
wind.edge 2nd 0.010 wind.edg&=0.59
wind.edge0.08
rel.elev  1st, 3d 0.015 rel.elev=0.09 no
rel.elev=0.08
prof 3rd 0.008 prof=0.81 no
wind.edge None 0.004 wind.edgé=0.14 no
wind.edge0.12
aspect 2nd NS=0.009 0.00 no
EW=0.008
aspect  1st 0.025 0.00 no
edge None 0.010 edges1.00 edgeyes edge1.050
edgé=1.00 edgé=yes edgé=0.996
wind.edge None 0.008 wind.edge0.07 no
wind.edgé=0.07
wind  None 0.008 wind’=0.14 no
wind=0.07
rel.view None 0.007 rel.view=0.10 no
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In comparison to individual couloirs, tioegrquescale groups of couloirs have
decreased success rates and model skill, with a loss of roughly 10% in predictive success
(Figs.38 and39). Despite this loss in modeling aibyl from individual couloirs, Random
Forest and logistic regression models have promising results considering the complexity
of the environmentpredictive success rates average around 60% (Table 14). These
results have important implications. First,pacale terrain parameters can still be used
to describe the presence of PTLs across cirques or headwalls, but these relationships are
notas strongpredictive ability suffers as a consequence. The complex terrain/PTL
relationships in a couloir are baekdscribed at the single slope scale, but broader patterns
still exist for larger geographic regions.

When modeling the effects of terrain on PTLs at an even larger scale (all of Lone
Mountain), the success rates average below 608040 and Table 14)ndicating that
relationships with slopecale parameters hakeducedapplicability beyond their
respective cirgue or headwall. Including the Teton Pass couloirs to expand to-a multi
mountain rang scale hamearly the sameesultsas the Lone Mountaigroup with the
sameinterpretation.

For the cirque scale groups, there are a number of parameters that have strong
relationships with PTLs for each of the couloirs in the group. Although the influences of
the parameters change for each cirque, theyesaged to similar physical processes.

These parameters are described below using examples from the cirques and headwalls on

Lone Mountain.



Fig. 38. Logistic model success rates for individual couloir modeling, showinguwallahigh success rates for slope scale

predictions.
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Cirque Success Rates (Logistic)
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Fig. 39. Logistic model success rates for couloirs in the same cirque, showing relatively moderate success rates for cirque scale
predictions.
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Fig. 40. Logistic model success rates for all of the couloirs on Lone Mountain, showing relatively poor success rates for mountain
scale predictions.
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One of the key physical processes in depth hoar formation and the presence of
PTLs is a strong tempdtae gradient driven by a shallow snowpack. This is conveyed
through the terrain differently depending on the season, the time ofhyedepositional
patterns in a cirque, and finally the slegmale patterns within a couloir. The influence of
cirquescale terrain on the slofseale relationship with PTLs is best illustrated by the
Lone Lake Cirque group.

The couloirs sampled in Lone Lake Cirque are unigue because they are more
westfacing than any of the other couloirs on Lone Mountain. With a moréward
aspect, wind erosion prevented deep, stabtevpack from developing, despite the late
timing of sampling for these two couloirs. For the two couloirs sampled in this cirque,
rel.elevandprof are highly importantbothareindependently capablof describing a
noticeable decrease in PTLs at lower elevations (Tables 17 and 18). Without considering
larger scale effects, the physical process explaining why lower elevationfehave
PTLs is not obvious. T h erel.eldva0s5§, withifewea t i o n
PTLs at lower elevations. This elevation roughly corresponds with the height of the west
wall of the cirque, which offers protection fraime prevailing southwest windsd
promotes deep and stable snow at most lower elexggspecially for couloirs closer to
the wall The upper elevations, however, are blasted by some of the strongest winds on
the mountain, scouring the snowpack to depths that allow strong temperature gradients

and depth hoar formatiofrig. 41).

t
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Fig.41. Map of Lone Lake Cirque, which shows how the west wall of the cirque

provides protection from the prevailing winds at lower elevations, which fosters a deep
and stable snowpack late in the season. At upper elevations whenewack is

generally shallow and faceted, the leeward aspects provide enough shelter from winds to
preserve depth hoar from wind erosion and develop significant slabs, especially on
Mullet Couloir.

The second process relating to PTLs in Lone Lakeugiig fierce wind erosion
on the leeward sides of the couloirs atrinest exposedpper elevations which prevents
PTLs. The very shallowest portions of the slope are comprised of stout, pencil to knife
hard windpacked grains without depth hoar. It agsethat the snowpack here gets
overturned and beat by the wind with such force that it becomes a solid wind slab without

adequate pore space to allow depth hoar growth, despite its shallow depth. Another
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possible explanation is that all of the snow gsaincluding any depth hoar, are swept
away during high winds leaving only a stout early season crust. Both models explain this
relationship differently; the logistic regression model wgesl.edgewhile the Random
Forest uses a threshold aspect of rowigB5’ to differentiate PTLs. On the windward
edges (or aspects greater than°236e snow is protected enough to preserve depth hoar
and grow significant slab$ig. 41), especially on Mullet Couloiwvhich is more exposed
to prevailing windsat all ofits elevations

Lone Lake illustrates how slogseale terrain influencesre highlydependenon
the characteristics of the cirque or larger scale processes. For example, the threshold
value ofrel.elev=0.51 isdue to the west wall of the cirque whigtspecificto the Lone
Lake Cirque samples only

Another key process relating to the presence of PTLs is accumulation of a
sizeable enough slab over depth hoar to be threatening. This process is influenced by
parameters associated with wind depositwimd protection, and sluffing. Although the
parameters influencing these processes are consisiadtg¢dge, wind, expo, plan, edge,
rel.view,rel.elev,aspect, profandslopg, their importance and influence vary depending
onlarger terrain charactstics,time of year, and seasonal trends. A comparison of the
UpperA to Zsand Headwaters groups demonstrates how the influences of terrain as it
relates to slab formation for PTLs can be entirely opposite depending on mesgatign
effects .

Thesmowpack on th&Jpper A to Z Headwall is notoriously shallow with

widespread depth lao (BabinouZ, pers. comm., 2030 In the season that we sampled
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the Upper AZO6s, a f ai rdwdespread layertofepth haan e v e n
(Fig. 42. Thus, te most important parametersf P TLs o nthddetper A Z06 s
predict deep enough slabs to be threatening. Theselgee expo, rel.view, wind, slope,
andrel.elev(Tables 17 and 18). The latter two paramedassociate with frequent
sluffing whichgeneally prevens slabs from forming on the upper parts of the couloirs
(Fig. 43. These effects are enhanced with frequentnege wind scouring. However,
edge, expo, rel.vievandwind are all important in one or both of the model structures for
charaterizing locations where slabs of critical size form over the pervasive depth hoar
(Tables 17 and 18). PTLs have a positive association with distance from edge,
decreasing terrain exposure, low visibility from thajor windwardidgdine, and high

wind sheltering as these are all related increased windloadkig. 43and Table 17).
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Fig. 42. Histograms of snow deptil® and thickness of depth ho&t@H) for the
UpperA to Zsand the Headwaters, showing a different sremigstructurdoetween the
two locations withmuch shallower snow depths and more depth gamawth in the
Upper Ato Zs
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Fig. 43. Map of the Upper A to Z chutes, showing how PTLs are associated with lower
exposure and lower slepangles in general due to their influence on slabs of threatening
depth. The influence of distance from the edge is also apparent.

In contrast, the Headwaters couloirs, which are on opposite side of the ridge
from the UppeA to Zs have anuchdeepr snowpackFig. 42). These couloirs
characteristicalljhave a deep slab in the middle (>200) tapering in thickness towards
the sides and prevalent depth hoar near the sides tapadrgirengtheningpwards the
middle, where depth hoar typicallynst present because the snow is too deep to
facilitate strong temperature gradients and depth hoar growth

Thus, the effects of some of the terrain parameters predicting PTLs are opposite
for the Headwaters compared to the Uppeo Zs(Tables 17 and 18)Unlike the Upper

A to Zs in the Headwatensind, plan, andexpoare all important parameters in relating
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to sheltered zones where the shape and exposure of the couloir promote development of
deep and/or densmowpack without PTLs Fig. 44). The effet of edgeis different too.
For the furthest distances from the edge of the couloir, the snow is deep and strong, so
few PTLs are present. Nearest the couloir, depth hoar typically prevails but lacks a
threatening slabFig. 44). Thus, more PTLs are coentrated betwee® mand6 mfrom
the edge. This is a fairly weak relationship compared to the others, but it is successfully
modeled with tweedgenodes in the classification models and an estige term in the

logistic regression model.

Sample Points Exposure

@ Non-PTL l High:8.0 |
@ PTL (Depth Hoar) "

CQ Edge Low:-67 |

Fig.44. Map of PTLs on First Fork in the Headwaters, illustrating how the effect of
terrain exposure is opposite for the Headwaters than for the Upper A to Z ¢hgtes (

43). Also, the effect of distance from the edge of the coul@ppsarent, especially with
Cold SpringqFig. 45) and First Fork, where PTLs are concentrated several meters from
the edge.
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The three couloirs on the North Summit are fairly diverse despite being located in
the same alpine cirq€ig. 6). Trident is anore westfacing couloir and can be stripped
of snow with strong northwest winds, whereas Great Falls is on the leeward side of the
cirque It hasa much deeper snowpack that can get loaded while Trident gets scoured.
TearsCouloiris located between the/o and shares characteristics of baflespite tis
diversity, a decrease in PTLs with increasing distance from the edge of the couloir is a
consistent relationship for this cirque. This effect is similar to the relationship observed
in the Headwatersyhich is reasonable because these two cirques have similar
characteristics. However, the presence of more PTLs closer to the edges on North
Summit differs from the relationship in the Headwatersis may be due to a sampling
date of nearly two monthater for the North Summit couloirs. For the relatively early
season sampling of the Headwaters, the points nearest the edge were faceted but lacking a
slab, whereas similar faceted locations in the North Summit were buried beneath a
threatening slab latén the season. This exemplifies how the influences of terrain also
depend on the progression of the winter season.

There are several other physical processes explained by parameters on the south
facing slopes of the Upperth Zs that are associated wiiTLs. Despite extensive
depth hoapn these slopesthere are two general terrain areas where depth hoar is most
noticeably absent: deeper pillows wiiare in the most shaded slojpesl the slopes that
are shallow enough to allow solar radiatiorstiengtherthe entire snowpack (Tables 17
and 18). Solar radiation only penetrates the upper 20 ¢on4df old snowMcClung

and Schaeref006) The strengthening of buried depth hoar through melt freeze
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processes or insolation is related to a shallow snowpack, where free water or solar
radiation is able to contact existing depth hoar in areas that eegi@immdant solar
radiation. Terrai exposure andlope anglassociate with fewer PTlsased orboth
their lack of significant slabs arstirengtheningf weaknessesom solar radiatiorfFig.
43 and Table 18 The areas that receive the least amount of radiation are also associated
with an absence of depth hoar and no crust formation. | hypothesize that the widespread
melt-freeze crusts on the Upparto Zsenhance facetinf¢Colbeck, 1991)so the absence
of crusts, along with deeper snow depths, cause these areas to lack depth hoar.

The models for Teton Pass have inferior predictive abilities compasegidatiothe
other locations.There are several reasons for plo®r results from these couloirs. First,
both of these couloirs are on moderately treed slopesing field observations | noted
that the presence of weak depth hoar was most noticeableesss where temperature
gradients are likely amplified by warmer tree trunks. My analysis does not include any
parameters such as proximity to trees, and furthermore, a number of the parameters, such
asrel.solar, wind, andexpq are simply wrong withat including the effect of trees in
these areas. Second, the GPS accuracy was far worse on Teton Pass than in any other
location, with average estimated horizontal RMS accuracies of 240 cm and 172 cm
(Table 2). | treated these two couloirs as outliersrfmodeling the entire depth hoar
dataset by comparing results before and after their exclusion. The results are very similar
between the entire depth hoar dataset and just the Lone Mountain couloirs, so | kept them

in the analysis.
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By grouping togetheall of the couloirs with depth hoar and all of the couloirs on
Lone Mountai n, Il introduce significant t
exist for individual couloir modeling and is not as complex as the cirque group modeling.
Not surprisingdy, the predictive abilities of the models are pdeig(40andTable 14).
All of the unique interactions between terrain and PTLs at the slope scale and cirque
scale are fiaveraged out . o Not only does
differentheadwalls and different months of the year, but also completely contrasting
winter seasons. The classification trees, which have success rates just above 60% for
these two larger groups (Table 14), draw most of their success fromstopeiscale
relationship, segregating PTdense UppeA to Zsfrom the rest of the data with the
NS.aspegparametefTable 18). If this parameter was normalized for each slope to be a
more adequate slogszale parameter, the success rates of the Random Forest models and
pruned tree models for the Lone Mountain
considerably lower. This simply4@mphasizes the point that the influesoéslope
scale terrain parameters depend on larger terrain characteristics and meteorological
corditions.

Although the predictive strengths of theseadtompassing models are weak,
they do identifyedgeas an important parameter. The dueling affeetdgie with fewer
PTLs at short distances and fewer at long distances is modeled by thexig€ iof the
logistic regression model (Table 16 and Table 18). The odds ratio estimatdgdor
suggest that for every meter away from the edge of the couloir, the odds of observing a

PTL increase linearly by 5% with all other terms held constant. Hemvévwe odds ratio

m
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estimates foedgé suggest that for every meter away from the edge of the couloir, the
odds of finding a PTL decrease by 4fltiplied bythe squared distance from the edge.
Together these terms describe how within the first meter &waythe edge, PTLs
increase in probabilitgs distance from the edge increases up to one metier. ofve
meter, the probability of finding a PTL decreases at an increasingly greater rate. While
this describes an average relationship for allofthedata t suggests t hat
spoto for these depth hoar5S5maeddkmimmathe s 1 s
edge of the couloirHig. 45). Although both of these terms have significant confidence
limits (Table 18), the final logistic model $ia success rate of only 52.4%, so
relationships describday it are far from a goldtandard, but rather, relationships that we

should beattentive tan avalanche terrain.
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Cold Springs,
Headwaters

’
| 4
. Legend
| Sample Points
| @ Non-PTL
@® PTL (Depth Hoar)
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Fig. 45. Map of Cold Springs, which exemplifies tf@veet spot" relationship between
depth hoar PTLs and distance from edge. More PTLs are clustered between 0.5 m and

the first several meters from the edge of the couloir.
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Facet Results and Discussion

The following results and discussions are for athef couloirs in whichwe
trackeda neassurface faceted layer. The faceted layem the Clawand Unskiabowl
on Teton Pasarenot included in this analysis because the weak $ayeretoo
widespread for modeling presence/absences, and the GP3raimdgarameters for that

location are poor quality.

Individual Couloirs

The results and discussion in this section are for all of the couloirs in which
layer offacets that formed near the surface were tracKéds includesll five couloirs
from the Upper AZs where we observed a layer of facets preserved between crusts and
three couloirs on the northern aspects of Lone Mountain with diurnal fadets.that
both couloirs on Teton Pass exhibited diurnal facets that were nearly entirely widespread
so modeling their presence as a binary response was not praespatially considering
the poor GPS accuracy for these locatioR$Ls for these data are defined as any
location with the presence tife weak laye(Table 2). Here inodel each individua
slope, examine the most important parameters from these models, and compare the
results to depth hoar PTL3he results oKS-tests andndividual modeling are

summarized in Table®land20 and Fig.46.
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Fig. 46. Cumulative measures of importance for each parameteeéssurface facet

PTLs from four tests: significance from the #&t, first node in the prunethssification
tree, most important parameter in the Random Forest model, and appearance in the
lowest AlCc logistic regression model.

Table19. KS-testof whether each parameter has a significantly different distribution for
facet layer PTLs in comparison to n®TLs. Significant results, identified by bold font
and green cells, suggest that these parameters megtiadependently to discriminate

between PTLs and nagPTLs in each couloir.

Kolmogorov-Smirnov goodnessof-fit test results. P-values
Couloir ID# 5a 6a 7a 8a 9a 17a 19a 2la
rel.elev 0.14 0.08 0.00 0.02 0.01 0.25 0.46 0.00
Sope 0.15 0.86 0.00 0.76 0.90 0.81 0.96 0.00
EW.aspect 0.55 0.19 0.31 0.75 0.07 0.01 0.01 0.93
NS.aspect 0.55 0.19 0.49 0.75 0.07 0.20 0.04 0.93
Prof 0.63 0.98 0.18 0.30 0.26 0.94 0.48 0.02
Plan 0.00 0.44 0.14 0.14 0.23 0.85 0.69 0.08
Solar 0.96 0.15 0.02 0.17 0.28 0.95 0.16 0.23
Wind 0.22 0.00 0.03 0.29 0.17 0.07 0.11 0.39
Expo 0.00 0.05 0.03 0.00 0.42 0.56 0.71 0.06
Edge 0.00 0.72 0.00 0.62 0.33 0.22 0.72 0.93
wind.edge 0.4 0.86 0.12 0.41 0.24 0.67 0.00 0.95




Table20. A summary of predictive success and skill for both model structures, as well as most important pasasostieted with
these models for the individual couloir modeling of fdagerPTLs.

RF Logistic Mean Logistic Logistic
Couloir RF most RF True  Success Absolute Success True Skill
ID# First Node important Skill Stat Rate Lowest AlCc logistic model Error Rate Stat
5a Edge edge 0.53 91% PTL ~ 1 + edge + prof*2 + rel.elev + 0.03 97% 0.89
plan
6a wind wind 0.13 88% PTL ~ 1 +edge + edge”™2 + expo + 0.04 96% 0.81
wind
7a edge edge 0.47 77% PTL ~ 1 + expo + rel.view + slope”2 - 0.23 80% 0.51
rel.elev*2 + wind”2
8a expo expo 0.32 66% PTL ~ 1 + prof*2 + expo + rel.view + 0.39 66% 0.48

rel.elev + rel.elev*2 + plan +
wind.edge +wind.edge”2

9a rel.elev rel.elev -0.06 73% PTL ~ 1 + edge + rel.view + slope + 0.13 90% 0.71 'S

slope™2+ rel.elev*2 + wind.edge + o

wind.edge”2
17a EW.aspect EW.aspect -0.01 90% PTL ~ 1 + edge + wind + wind"2 0.15 91% 0.00
19a wind.edge EW.aspect 0.37 70% PTL~ 1 + edge + edge”2 + slope + 0.24 84% 0.69
slope”2 + rel.elev + rel.elev”2 +
wind.edge

21a prof prof 0.45 80% PTL ~ prof + prof*2 + rel.view + slope 0.07 97% 0.88

+ slope”2 + rel.solar + plan
Mean 0.27 79% 0.16 88% 0.62
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Similar tothe results from the depth hoar layers idividual couloirs, the most
important terrain parameters associated with-sadace faceting vary each couloir
Again, relativeelevation is most frequently different for facet PTLs and-Rdhs (Table
19). Four couloirs are identified with statistily different distributions forel.elevand
three forexpo. Edgeis the only parameter that is in the first node (i.e., the highest
discriminating power) of the pruned classification trees more than once (Table i20). It
alsothe most importarnparaneter in the Random Foresbitels twice. In comparison to
the depth hoar layers, the neanface faceted layers have a slightly wider variety of
important parameters, although the sample size is smaller and describes two different
types of faceting: diuml facets and facets between crust®wever rel.elevandedge
have the highest cumulative parameter importance, and the top four most important
parameters are the same for rearface facet PTLs as for depth hoar PTLs (F&)y.
These neassurfaceayers are generally more predictable than depth hoar layers,
improving upon depth hoar success rates by 15%, on average (Tabknh26y.is also a
general pattern where couloirs that have more success in modeling depth hoar also have

more success in modegjiacets Eig. 47).
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Logistic Model Ability: Facets vs. Depth Hoar
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Fig. 47. Comparisons of logistic (a) and Random Forest (b) model abilityoialoirs
with both depth hoar and near surface facets, showing that in general, models predict
nearsurface facet layers bett
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Table21. Averaged cross validation results for facet PTL models of each of the
individual couloirs used to predict PTLs for each of the remaining couloirs.

Average Xval Results 49.3% 0.044 52.8% 0.478

Despite higher modeling success at the individual couloir level for facets, average
crossvalidation results aralsoweakas with depth hoar (Table 21his again
emphasizethe unique ature of each couloir for this weak layer. However, there are
several cases with higher success rates and noticeably better results than any cross
validation from the depth hoar layers. From the earlier example with Upper AZ3, the
true skill statisticere nearly doubl¢éhecrossvalidated results on Upper AZ1 and Upper

AZ?2 compared to depth hoar results (Table 22).

Table22. Comparison of Random Forest crasdidation results for the Upper AZ3

depth hoar layer and facet layetthvother couloirs in the same headwdhis shows
considerable improvement in model skill for predicting facets in other couloirs based on
facet observations in Upper AZ3.
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The results from all of the couloirs with nearrface facets carry the same
messge as the individual couloirs analyzed for depth hoar: the inueihparameters
vary from slope to slopeherefore betweencouloir predictability is poor. Compared to
depth hoar, modeled success rates of theswgéace facets are significantly pmoved,
as are several crosglidation results. This suggests that these-sedace processes are
easier to predict based on terrain. This makes sense because the layers we tracked were
recently formed, thus they have been less exposed to dynamiurohegécal and
metamorphic processes after formation that alter their variability and create unpredictable
spatial patterns.

Although this isa smaller sample size with a wider variety of influential
parameters in ib models, relative elevation, distanfrom edge, wind exposure, and
terrain exposure are most frequently importakgain, these all relate to wind influences.
As withthe depth hoar layers, the influence of these parameters depédsrger scale
terrain and weather history prior to sdmg. When compared to depth hoar PTLs, there
are generally a greater number of importaargmeters in thesaodels. This indicates
that more parameters are associated with the presence -Glunizae facets at the slope
scale, which accounts for thaproved predictability.This is probably because
formation and preservation of recerdarsurface layergs controlledby a variety of
physical processes that interact in a distinct pattern with tewvairashort period of
time, including winderosion solar radiation, and sluffing. In contrast, depth hoar is a

slowerforming weak layer influenced by dynamic processes over a longer period of
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time; thus, the associations between depth hoar PTLs and terrain are limited to the most
dominant processes

There is a pattern in modeled PTLs where couloirs with higher success rates for
depth hoar PTLs also have higher success rates facet PTLs in the same couldi).(Fig. 4
This has several possible explanatiolsould suggest that certain terrain feat affect
different types of weak layers in the same manner. The more successful predictions for
both layer types are from couloirs in which thegees offeatuesand their influences
are most pronounced andn be modeled successfullfhe couloirswith less successful
predictionsfor both depth hoar PTLs and facet PHte becausthe current terrain
parameters have relatively weaker relationships, and weak layer presence may be
controlled by other processesf whi ch we <canoturrentsetofact eri ze
parameters. Another possible explanatsotihatthis pattern of similar relative
predictability isa byproduct of sampling design. Depth hoar and facet observations were

collected at the same points in the couloir and are not spatiddipendent of each other.

Geographic Groups

These results are for the geographically similar groups in which we tracked near
surface facets. These incluideeted layer between two crusts that was fairly widespread
across the Uppek to Zsand diurnal &cets that were shallowly buried in the North
Summit/Lone Lake Cirque are®ata for each grougreanalyzed as a whoknd
summarized in Tables 2327, with statistical outputs in Appendix Bn this section |

summarize and discuss important relatiopsivetween PTLs and terrain
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Table23. KS-testof whether each parameter has a significantly different distribution for
facet layePTLs in comparison to neRTLs when considering all of the couloirs in the
same geographic groujgignificant results, identified by bold font and green cells,
suggest that these parameters may be independently used to indentify PTLs across an
entire cirque or mountain.

Kolmogorov-Smirnov goodnessof-fit test results: P-Values
North Summit/
Group Upper AZs Lone Lake
rel.elev 0.03 0.23
slope 0.00 0.04
EW.aspect 0.00 0.01
NS.aspect 0.00 0.09
prof 0.00 0.22
plan 0.00 0.17
rel.solar 0.28 0.80
wind 0.06 0.01
expo 0.00 0.01
edge 0.00 0.15
wind.edge 0.28 0.01

Table24. Model success rates and true skill scores (TSSnéat layergroup modeling.

Pruned Pruneal Pruned Random Random

Tree Tree Tree Forest Forest Logistic  Logistic
nodes Success TSS success TSS Success TSS
Upper A to Zs 10 84% 0.68 7% 0.46 65% 0.31
North Summit/ Lone
Lake 1 78% 0.63 79% 0.29 57% 0.13
Group Means 5.50 81% 0.66 78% 0.38 61% 0.22

Table25. Top logistic regression model for edetet layergeographic group with the
lowest QAICc.

Group Lowest QAICc Model
Upper AZs PTL ~ 1 + expo + rel.elev + plan + wind.edge”2 + wind"2
N. Summit/ Lone Lake  PTL ~ 1 + wind.edge
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Table26. The most important parameters for eéatet layergroup and their general
association with PTLs.

Parameter PTL distribution pattern

Expo more on unexposed terrain

Plan more at concavities

Wind more in moderate wind shelter

Edge more further than 2.5 m from edge, less-a@tim from edge
Sope more below 42

Prof more at moderate congties and convexities
rel.elev more at lower elevations below 50%

Wwind more in high wind shelter

EW.aspect more on aspects’ @ 18C

wind.edge more closer than 8 m from the edge

Table27. The most important parameters in eéatet layergroup and the measures
used to identify their importance.

Random

Pruned Tree Forest Logistic Logistic Logistic
Level of Mean Relative Slgn_lflcant Odds
Node Decrease in Support confidence Ratio
Parameter Appearances Accuracy pp intervals?
rel.elev None 0.001 rel.elev=0.79 no
EW.aspect None 0.006 0.00 no
. wind.edge0.18
wind.edge 1st 0.000 wind.edgé=0.17 no
edge=0.77
Edge None -0.013 edgé=0.14 no
rel.elev=1.00 rel.ele=yes perfect
rel.elev None 0.050 rel.ele’=1.00 rel.elev=yes separation
Prof?=0.57,
Prof 1st 0.061 prof=0.43 no
slop€=0.81
Slope 3rd 0.021 slope=0.37 no
perfect
wind.edge None 0.020 wind.edge1.00 yes separation
perfect
Edge 3rd 0.031 edge=1.00 yes separation

Wind 2nd 0.021 wind=0.08 no
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The initial faceting of the layer in the Upper A to Zs may be attributed te melt
layer recrystallization or radiation recrystallizatitwt | am hesitant to apply these
labels. The faceted layeas fairly thick (~5cm), and | believe the majority of the
faceting was enhanced by the location of the layer between the two crusts and a generally
high temperature gradiemt the shallow snowpacK his layer was only absent in areas
where no crusts hddrmed or in areas where the topst mekfreeze crust was so
pronounced that it had agglomerated with the crust below it and destroyed the facets
betweerthe twolayers Thisfacetlayer produced easy stability test results and
frequently failed in compression tests or extended column testg. (Fig. 18).

This widespread layer of facets in the Uppdb Zshad a very recognizable
pattern(Fig. 48). A majority of the observations are PTLs, with the few-Rdi.s
located along the peripheries oétbouloirs where thinnenowpack resuledin the
merging of the two crusts into one without preserving the facets between them. Any
number of parameter combinations can accurately predict this spatial pattemepd/d¢o
identify all of the parametethat are associated with shallewowpack for the Upper A
to Z terrain (Tables 26nd 27. These are high exposure or wind exposures, steep slopes
higher elevations, proximity to the edge, and most prominent convexities. The models
simply look to exclde points with the most extreme collection of these values as non
PTLs. Accordingly, numerous parameters are important and the models are larger than
most of the previous depth hoar models (Table 27). The greatest success in the entire
datasefor coulor to couloir crossvalidation is on this layer in the Upp&rto Zs

demonstrating how some layers are more predictable across numerous couloirs.
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Fig. 48. Map of the facet layer between two crusts that was observed in ttee AJpp
Zs. The map shows how nd?TLs are associated with steeper slopes, higher exposure,
proximity to the edge of couloirs, and higher elevations.

There are three couloirs from nofthcingaspecton Lone Mountain where we
found diurnal facets thdtad been recently buried Hyin wind slabs. These layers are
likely the result of two different faceting events, but both formed under similar
meteorological conditions.

There are two physical processes that either combine or unicprehybutecthe
presence of these diurnal facets. The first process relates to the formation of this layer
and the second to its preservation. The facets formed following a new srafdall

density powder Although temperature gradients associated withrtbemingand
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outgoing radiation balana@e what ultimately drivdiurnal faceting, | suspect that
radiation balance conditions were suitable for faceting across the entire couloir, or that
any differences were challenging to modethis scale However, with eveithing else
being equal, faceting is enhanced in high porosity snow (McClung and Schaerer, 2006).
The diurnal facettkely only formed in low densityhigh porositysnow and not in hard
wind slabs that are typical of the alpine terrain on Lone MountEierefore, the facets
are most prevalent where new, low density snow is preserved during or following a
storm. The terrain parameters that relat@wdensity snovare those that are associated
with protection from the prevailing windsvind, wind.ede,andEW.aspector this

group Fig. 49 and Tables 26 and R7

Legend
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o

Fig. 49. Map of Tears Couloir showing how presence of reaface diurnal facets are
strongly associated with protection from the wind, which can be explaitiedhewind
sheltering parameter or distance from the windward edge.
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The second physical process that likely affected the presence of PTLs is their
preservation following formation and prior to our sampling. Weak surface layers are
easily destroyed ahswept away in alpine terrain, but the layers are preserved if they are
protected from wind prior tburial from new snowfall or windhlown snow Again,
these locations are modeled by the same parameters for the first physical process:
parameters that sasciate with wind protectiori(g. 49).

The results from these sampkgygesthat diurnal facets in complex alpine
terrain are favored in wind protected zones, which are associatedinithwind.edge
and a leewardspect parametett is obviousfrom both the Upper A to Zs and the North
Summit/Lone Lake groupbat the parameters associated with feaface faceting
highly depend on the physical processes that are either forming or destroying the weak

layer.

Surface Hoar Results and Discussion

This analysisand discussiomcludes several surface hoar layers that were tested
with ECTs in Granite Canyon and the presence of a shallowly buried surface layer in
Jack Creek Couloir. PTLs are defirgitferently for the two groups. In Granite
Canym, PTLs are where argxtended column testECT) failed with full propagation or
anypoints along the avalanche crown lihat occurred during samplindgror Jack Creek
Couloir, a PTL is defined as the presences of preserved surfacdtieamportart to
note thathe Granite Canyon PTLs areldferent type of classification of PTlfsom the
rest of this studynot the presence of a weak layer but the propagation propensity of a

weak layer. Thus, the results have different implications than thefrins dataset.
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Modelingand KStestresultsfor eachsurface hoagrouparepresented in Tables82 32,
with statistical outputs in Appendix Bn this section highlight and discussnportant

relationships betweesurface hoaPTLs and terrain

Table 28. KS-test ofwhether each parameter has a significantly different distribution for
surface hoaPTLs in comparison to neRTLs when considering all of samples in the
same geographic group. Significant results, identifiedddg font and green cells,

suggest that these parameters may be independently used to indentify PTLs for these
groups.

Kolmogorov-Smirnov goodnessof-fit test results: P-Values
Granite Canyon Jack Creek
rel.elev 0.014 0.004
slope 0.500 0.011
EW.aspect 0.015 0.024
NS.aspect 0.015 0.122
prof 0.135 0.000
plan 0.807 0.916
rel.solar 0.879 0.291
wind 0.794 0.002
expo 0.794 0.688
edge 0.027 0.003
wind.edge 0.026 0.014

Table29. Model success rates and true skill &s0fTSS) for modeling of surface hoar
layers.

Pruned Pruned Pruned Random Random
Tree Tree Tree Forest Forest
nodes Success TSS success TSS

Logistic Logistic
Success TSS

Granite 3 73%  0.46  44%  -0.12  66%  0.27
Canyon
Jack Creek 7 96% 092 88% 059  92% 085

Group Means 5 85% 0.69 66% 0.24 79% 0.56
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Table30. Top logistic regression model for eaglirface hoageographic group with the
lowestAICc (for Jack Creek) or QAIC(for Granite Canyon).

Group Lowest (Q)AICc Model
Granie Canyon PTL ~1 + edge + rel.elev
Jack Creek PTL ~ 1 + edge + prof*2 + rel.view + slope”2 + rel.elev + rel.elev*2 + wind.ed

Table31. Important parameters for each surface hoar group and their general association
with PTLs.

Parameter PTL distribution pattern

rel.elev more at lower elevations below 40%
EW.aspect more at aspects from 3t 180
wind.edge more closer than 5 m from windward edge

edge more closer than 5 m from edge

rel.elev more at mid elevations between 35% and 75%
prof more on concavities

slope more below 43

wind.edge more further than 6 m from windward edge

edge more further than 4 m from edge

wind more on wind exposed




139

Table32. The most important parameters for each surface hoar groufp@measures
used to identify their importance.

Pruned Tree Rﬁ;;‘;? Logistic Logistic Logistic
Level of Mean . Significant
Node Decrease in gﬁlatg/;: confidence ggt?os
Parameter Appearances Accuracy PP intervals?
rel.elev none 0.001 rel.elev=0.79 no
EW.aspect none 0.006 0.00 no
. windedge=0.18
wind.edge 1st 0.000 wind.edgé=0.17 no
edge=0.77
edge none -0.013 edgé=0.14 no
rel.elev=1.00 rel.elewryes perfect
rel.elev none 0.050 rel.elev’=1.00 rel.ele=yes separation
prof 2=0.57,
prof 1st 0.061 prof=0.43 no
slope=0.81
slope 3rd 0.021 slope=0.37 no
perfect
wind.edge none 0.020 wind.edge1.00 yes separation
perfect
edge 3rd 0.031 edge=1.00 yes separation
wind 2nd 0.021 wind=0.08 no

The surface hoar layers in Granite Canwa@re very reactivérig. 19).
Numerous avalanchéailed on these layeis the surrounding backcountdyring the
time frame of our samplingncluding one irour study siteon the Seven Dwarvesrom
the poor modeling results for Granite Canyon, it is evident that both robust models have
difficulty predictingsurface hoaweak layer propagation locations based on tefain
the entire group analyzed as a wh@able 29). It is unclear to me what key physical
processes are related to PTLs for Granite Canyon, but | suggest PTLs are most strongly
associated with the slab properties rather than the properties of the buried surface hoar.
In general, the top layef surface hoar in AChute (SH 4a) and the layer of surface hoar

in Seven Dwarves (SH 3) are more reactive under thicker slabs. The areas where ECTs
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do not propagate are where the load on the layaptsarge enough to drive propagation.
However, thdower layer on AChute (SH 4b) has an inverse relationship to slabs, where
lighter loads are associated with propagation in the ECTs. This layer is older;
propagation may be more likely in areas where it has had less overburdessand
inducedstrengthaing since being buried.

These opposing physical processes are challenging to model with terrain.
Modeling couloirs separately results in stronger relationships and explainable patterns.
PTLs are strongly associated with proximity to windward edgdesawiard aspects for
SH3, where the slab was considerably larger and surface hoar had been protected from
destructive windsKig. 50). This is where a 20 30 cm avalanche released during
sampling Fig. 51). Greater windoading occurred further from tivendward edge and
further downslope for SH 4a and SH 4b. These differences from 8tdy8not bedue to
different processes; SH 3 was collected over a much wider portion of the starting zone,
while SH 4a and SH 4b are in a smaller zone, so the saitping extentare different.
Distancedurtherdownslope and from the windward edge are associated with PTLs for
SH 4a, and noi#TLs for SH 4bFig. 50). When SH 3, SH 4a, and SH 4b are analyzed as
a group, all of the relationships are fairly weak, baatmns further dowsslope in the
starting zones and closer to the edge or windward edge are more frequently associated

with PTLs(Tables 31 and 32)



141

Fig. 50. Map of important terrain parameters and PTLs for the two coulo{Banite
Canyon. The map shows the convoluted relationship between distance from windward
edge and PTLs, where SH 4a and SH 4b have opposing relatiofi$tepsame is true

for relative elevationPTLs for SH3 are strongly related to proximity to wiredd edge

and more leeward aspects, where slab development was gasatesll as lower

elevations, where winds were likely less destructive prior to burial














































































































































































































































































