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2. SUMMARY

2.1 Introduction

Climate change and land surface disturbances are changing vegetation covers in the
Oldman River Basin (ORB) Headwaters. The impact of these changes orfuture water
supply is unkn own. The project objectives were to evaluate contemporary land surface
conditions, historical land cover changeswithin the Castle Watershed headwaters of the
ORB and the combined impact of these plus climatic changeson long term river (2040 to
2070)runoff . Field data collection, remote sensing and modeling studies were

conducted to map hydro -meteorological conditions, snowpack, soils and forest cover
properties in this Rocky Moun tain watershed and how they influence hydrology a t a
scde suitable for operational water resource planning.

2.2 Objectives
Append icesof articles and reports tied to these objectivesshown in parentheses (A 3 #).

1) Map forest cover and historical century-scalechange in Westcastlewatershed. Relate
theseforest cover changesto changing hydroclimatic conditions. (A3.1; 3.2; 3.}

2) Map seasonalsnowpack distributions acrossthe Westcastle watershed. Quantify the
spatially variable land surface attribute controls on snowpack depth and place the
existing snow monitoring stations into the watershed context ; i.e. do existing
monitoring sta tions over- or und er-represent headwater snowpack volume? (A3.4;
35;36;3.7; 3.8

3) Evaluate and refine new geomatics sampling (lidar) and machine learning routines
to spatially impute time -variant land surface attributes of forest cover & snowpack.
(A3.3;3.5

4) Develop new and innovative low power (LED-based) lidar for in situ 1D water level,
2D snow depth transectand 3D forest canopy phenology monitoring . (A3.6; 39)

5) Develop a satellite synthetic aperture radar-based snowmelt observation and
tracking routine for mountain environments. (Objective unmet)

6) Map soils ataresolution sufficient to parameterize a hydrol ogical model. (A3.11)

7) Evaluate paleo-historical and simulate regional climate change forecasts across the
Castle headwaters (A3.10)

8) Use above land surface and climate data to simulate water supply changes (A3.11)

SeeoN otable Outcomesd (2.4)for a list of public outputs related to these objectives.
2.3 Results

Almost all the above objectives were met(seesection 2.4) and are summarized in detail
in the journal papers listed in section 2.5and presented in the appendices. The SAR
snowmelt tracking showed promise in early stages of analysis but the associated grad
student withdrew from his program mid way throu gh his thesisin the last year of the
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WIP, so this sub-project was not completed. Also, while it was initially planned that
snowpack and forest cover distribution and control results would be used in the
Hydrological H RU-simulations, this objective was not achieved so hydro simulations
used pre-existing landcover data in combination with new high resolution soil cover
maps. Consequently, there is scope for improving model simulations using the newly
obtained data and knowledge on historical forest cover changesand snowpack
distribution controls.

Two Ph.D. and Six MSctheseswere directly supported through our WIP project. A
further 17 HQP graduate studentswere involved either as short term research assistants
(13) or asincomplete thesis students (4). Thus far the project has directly supported the
publication of 23 Peerreviewed journal (19)and proceedings papers(4), as well as52
invited seminars, conferencepapers or media appearances This project has been
leveraged to provide baseline support to one NSERC Discovery Grant (Hopkinson) ,
Two NSERC Engage Grants(Hopkinson) and one grant to the U niversity of Lethbridge
from Alberta Environment and Protection . Furthermore, th e results of this project have
provided the basis for a new project examining the forest regeneration and water
resources implications following the Kenow Wildfire ( contribution funding from Parks
Canada). After the last unsuccessful continuation WIP proposal, Hopkins on has started
the processof removing all the hydrometeorological infrastructure (one stream gauge
and 8 metearological stations) from Westcastlethat w ere installed to support the WIP.

The WIP enabled new and expanded partnerships with Alberta Environment and Parks
(snowpack monitoring and new Parkland planning discussion s), Clean Harbors
Airborne Imaging (lidar monitoring market development), Castle Mountai n Resort
(lidar and climate data to support ski hill development planning and day-to-day
operations), Tough Country Communications (development of a r emote real time
weather station telemetry system used by Castle Park visitor s and residents),
Leddartech, Quebec development of LED-based snowpack and forest canopy
monitoring sensors).

Outputs have been disseminated via traditional meetings, seminars, conference
presentations, journal articles. We have also engaged directly with our ind ustry and
government partners both in data collection and in discussing next stepsin application
development. Much is on hold pending funding, as resources have beenand continue
to be dedicated to removing infrastructure from Westcastle We have had early
discussions with Leddart ech and Campbell Scientific about potential commercialization
of our leddar prototype snow and canopy monitoring sensors. We continue to discuss
lidar snow and vegetation monitoring opport unities with Clean Harbors Airborne
Imaging, while also engaging with AEP and CC MEO (Canada Centre for Mapping and
Earth Observation) on the use of remote sensing for monitoring purposes. However,
with environmental monitor ing being of lower provincial priority now than it was
when our WIP started, both the commercial and funding opportunities have diminished
for the time being.



24 Notable outcomes

1) To support several of the researchobjectives (1,2,45,7,8from section 2.2) for this
WIP project a hydrometeorological ar ray was established based out of our field
station in the Westcastle. For four of the stations, weather and image data were
collected via telemetry and uploaded to a web site in real time:
http://artemis.uleth.ca:8080/Cast leMet/index.html (See landing page graphic
below). Remaining weather stations were located at different slope aspects around
the Castle Mountain Resort (CMR) at treeline and in Hague cirque south of the ski
hill (Seeprevious interim WIP reports for detail on installations and data records).

| Site Locations i CMR Cams h UofL Cams l Ridge met I Valley mat . Station met l Comparisons I Historical I

University of
[}'R:FEM{S—' University of Lethbridge West Castle watershed meteorological station network Lel}ﬂ'%lge
Oldman River headwaters , Alberta, Canada l%
R\ 4

SAYEt
A

Rsr:ch Stn

> 4.*

Univessity of Weather stations installed & maintained by The ARTelMiS Laboratory.
versity ity of ; e
Lethbndge University of Lethbndge (vwvaw uleth ca)

oo
Contact Dr. Chris Hopkinson: c hopkinson@uleth ca * 4 4
wwivs artemis-strikingly. com Ca%h“,
e

A

IRNVEL Support provided by Castie Mountain Resort (www. skicastic ca)

T Aberta Environment & Parks, Tough Country Communicatons (wwa toughcountryinternet cz)

2) A new technique was devised for integrating airborne lidar canopy cover data with
obligue imagery to quantif y and map contemporary and hist orical canopy fractional
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3)

4)

5)

6)

7)

cover in the mountainous headwaters of the WestcastleWatershed (McCaffrey and
Hopkinson, 2017; A3.1). This approach utilized the Mountain Legacy Project data
but could be applied to any situati on where lidar and oblique imagery co -exist. This
represents a useful approach for interpolating over gaps in forest cover data either in
space or time, where one or the other sampling data exist (see objectives 1 and 3,
section 2.2

In applying and extending t he above noted new methodology, we were able to
qguantify both natural and wildfire -induced forest treeline changes across much of
the Westcastle watershed(McCaffrey and Hopkinson , 2020;A 3.2). Of hydrological
importance, it was found that treeline was least impacted by wildfire on north -
facing slopes, with evidence for climatic treeline advance also on north -facing
slopes. These observations suggest that treeline in this region is limited by moisture
conditions, and by extension that enhanced snowmelt and evaporative losses on
south-facing slopesprovide limits to vegetation growth. Therefore illustrating the
important feedback between forest cover, slope aspect, snowpack and evaporation
that requires further study. (see objective 1, sectin 2.2)

A machine learning approach was developed and implemented to fill t he gapsin or
spatially impute the contemporary and historical map of tree cover and treeline to
ensure a spatially continuous and historically reasonable map offorest cover for the
entire watershed (McCaffrey and Hopkinso n, Accepted; A 3.3). This analysis is
useful as it illustrates how landcover change can be simulated from a fusion of aerial
and oblique image sample data and then imputed using machine learning
approaches. This is particularly useful in a situation w here we need continuous
spatial and historical landcover data for hydrological simulations ( not implemented
in this study). (see objectives 1 and 3, section 2.2)

A spatially -explicit assessment of snowdepth enabled a quantification of snowdepth
driv ers and their consistency across the entire Westcastlewatershed (Cartwright et
al. In Review 1; A3.4). Elevation, aspect andlocalized depressons were the highest
ranked controls during both accumulation and ablation phases but the landcover
feature of most significant overall influence on watershed-scale snowpack volume
was treeline. Combined with evidence from the above objectives, this suggests that
wit h variations in treeline, there will also be a feedback to snowpack accumulation,
melt and its timing. The feedback between bng-term change in treeline, snowpack
distribut ion and melttimingandit 8 s 1 mp Itoi futusetwater mesourcesneeds to
be furth er evaluated. (see objective?, section 2.2)

Machine learning imputation o f snowpack depth and volume was evaluated using
lidar and a random forest routin e (Cartwright et al. In Review 2; A3.5). This proof of
concept demonstrated that lidar was a viable training dataset for an operational
snow volume monitoring framework. AEP and Airborne Imaging were our go vt and
industry partners on this p roject and we are still working with these partners on
operational implementation. (see objectives 2 and 3, secton 2.2)

The WIP was supplemented by an NSERC ENGAGE grant in partnership with
Leddartech (QC) to develop and test a leddar (LED lidar ) sensorfor water sur face
and snowpack depth transect monitorin g. Two graduate students worked on the
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8)

9)

water level monitoring and we had some successdut, overall, the sensor wasfound
unreliable and unstable over water surfaces due to specular reflection and
insufficient signal gain control (unpublished results). However, the snowpack
experiments and sensor development were highly successful (Parsons and
Hopkinson, 2016; Barnes et al. 20204 3.6), with our customized leddar sensor
prototype operating successfully at our Westcastle field site for two full winters . We
have recently added telemetry capability for remote control and monitoring. Initial
discussions were held with Campbell Scientific about further testing and
development. With the end of our WIP funding , we cannot pursue further
refinement or commercialization . (see objective4, section 2.2)

Following outputs #5 and #6 above, we started to explore operational lidar flight
path optimization for snow pack depth sampling and machine learning imputation
(proposed in unsuccessfulfollow up WIP). The purpose being to dramatically
reduce the operational cost of lidar acquisition by reducing aerial cover to a ~10%
areal sample or less. If successfulthis would mean an entire watershed of snow
depth could be sampled in less than 30 minutesinstead of 3 to 4 hours, or it would
mean the entire ORBheadwaters could be sampled and modeled wi thin one single
flig ht, which would dramatically reduce aerial monitoring costs(seeabstract in
A3.7). (see objectives 2 and 3, secton 2.2

Building on output #5 and #6 above we started to develop a full SWE model from
the watershed-level snow depth and spatialized meteorological data collected at
varying elevations and slope aspects within Westcastle(an objective in the last WIP
proposal). The benefit of this modeling (i f completed and successful) was that it
could be combined with the lidar sampling and imputation routine in #8 to create a
cost-effective spatially explicit full headwater snowpack water equivalent model for
water resourcemonitoring and HRU - or grid -basedhydrological model-based
runoff forecasting. (Seeobjectives 2 and 3, secton 2.2 and summary in A3.8.)

10)Building on outputs #2, #3 and #7,we customized our leddar profiling sensor to

build a low cost low power robotic scanning system for in-situ canopy leaf area
index (LAI) phenology monitoring (Xi et al, 2019; A 3.9). The prototype was
developed and tested but there is no further fundi ng at this time for refinement of
the hardware and software for continuous operation. Note, LAl is a key landcover
parameter in hydrological models to calculate the fluxes of precipitation

interception, snow melt and evaporation. Consequently, new sensorsthat can be left
operating in -situ beneath canopy to monitor 3D foliage profiles could be used in
existing meteorological monitoring networks to aid with runo ff forecasting. (see
objective 4, secton 2.2

11)Researchers from the Prairie Adaptation Research Collaborative (PARCA Sauchyn et

al.), at the University of Regina, contributed to evaluating the hydrological response
of the montane to alpine transition zones of the Castle headwaters (See Appendix
10). Climate change projectons were derived from 10 Regional Climate Models
(RCMs) at high resolution (2 5km) (see Barrow and Sauchyn2017) and used as inputs
to the ACRU hydrological model for runoff simulation ( A3.11). (seeobjective 7,
section 2.2



12)The meanannual flow of the Castle River at Beaver Mines was reconstructed from
1150 to 2010 using treering data fr om multiple specie s and proxies (i.e. earlywood,
latewood, and annual ring -width). The proxy streamflow data were downscaled
stochastically to weekly estimates using methods developed by Sauchyn and llich
(2017). The spectral analysis of this long times sries revealed stdistically significant
modes of variability at inter -annual and decadal scales, associated with the strong
influence of coupled ocean-atmosphere oscillations in the Pacific Ocean basin on the
hydroclimate of western Canada. (SeeA 3.10.) (seeobjective 7 and 8 section 2.2)

13)A new high resolution soil map was developed from field sample data for the
Westcastle (Kienzle et al. SeeA 3.11) (seeobjective 6, secton 2.2)

14)Water yields upstream of the Oldman Reservoir were simulated for historical (1951-
2017) and future (20422070) wateryears using inputs from #11, #12 and #13, above
(Kienzle et al. see A3.11) (seeobjective 8, section 2.2)

25 Knowledge Dissemination (supported HQP underlined)
Ph.D. Theses (2):

Barnes, Celeste. ABD. INNOVATIONS IN O PERATIONAL SOURCE WATER
SNOWPACK MONITORING USING IN SITU LEDDAR, AIRBORNE LIDAR AND
MACHINE LEARNING IMPUTATION. Doctor of Philosophy Thesis, Department of
Geography and Environment, University of Lethbridge.

Xi, Zhouxin, 2019.FINE-SCALE INVENTORY OF FOREST BIOMASS WITH GROUND-
BASED LIDAR. Doctor of Philosophy Thesis, Department of Geography, University
of Lethbridge.

M.Sc. Theses (6)

Bexte, Kyle. 2019. Dept. of Geography, U. of Lethbridge. A SPATIO-TEMPORAL
ANALY SIS OF NEARSURFACE AIR TEMPERATURE WITHIN THE WEST
CASTLE WATERSHED, ALBERTA. Masters of Science ThesisDepartment of
Geography, University of Lethbridge. Pp 106.

Bonifacio, Charmaine. 2017,DEVELOPING ACRU UTILITIES FOR MODELLING
FUTURE WATER AVAILABILI TY: A CASE STUDY OF THE OLDMAN
RESERVOR WATERSHED, ALBERTA. Masters of Science ThesispPepartment of
Geography, University of Lethbridge

Cartwright, Kelsey. 2019.SPATIO-TEMPORAL VARIATIONS IN SNOW DEPTH AND
ASSOCIATED DRIVING MECH ANISMS IN A TEMPERATE ME SOSCALE
MOUNTAINOUS WATERSHED . Masters of Science Thesis, Department of
Geography, University of Lethbridge.

Deering, Trevor 2019,MAPPING FUNDAMENTAL SOIL PROPERTI ES IN THE WEST
CASTLE WATERSHED, ALBERTA. Masters of ScienceThesis, Department of
Geography, University of Lethbridge.

McCaffrey, David. 2018.ASSESSING HISTORIC CHANGE IN SUBALPINE FOREST:A
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CASE STUDY IN THE WEST CASTLE WATERSHED. Masters of Science Theis,
Department of Geography, University of Lethbridge.

Okhri menko, Maxim. 2018. APPLICATION S OF MULTI-SPECTRAL LIDAR: RIVER
CHANNE L BATHYMETRY AND CANOPY VEGETATION INDICES . Masters of
Science ThesisPepartment of Geography, University of Lethbridge.

Incomplete Theses (4 x students that started with WIP support but did not finish):

Herridge -Berry, Sean M.Sc. candidate. LEDDAR WAT ER LEVEL MONITORING
PROOF OF CONCEPT (Dropped out of MSc to take another BSQ.

Parsons, Reed M.Sc. candidate. DEVELOPING A LEDDAR-BASED SNOWPACK
SURFACE PROFILE MONITORING SYSTEM (Transferred out of Geography to
Computer Science

Porter, Thomas. MSc canddate. UAV SFM VEGETATION REGENERATION
MONITORING IN A MOUNTAINOUS WATERSH ED. (Withdr ew after being
offered a commercial UAV pilot job).

Quick, Dennis. M.Sc. candidate. RADAR -BASED CIRQUE SNOW- AND BURIED ICE -
MELT CONTRIBUTIONS TO STREAM FLOWS IN THE WESTCASTLE
WATERSHED. (Withdrew after being offered a consultancy project manag er job).

Supporting HQP (13 x research assistants& independent stud y students ).

Josh Montgomery, MSc (UL) - field support

Ike Allred , BSc (UL)d field support

Gaelle Gilson, PhD (UL) ¢ field support

Dr. Craig Mahoney , PDF (UL) ¢ field support

Emily Jones, MSccandidate (UL) & field support

Kailyn Nelson , PhD candidate (UL) 0 field support

Dr. Rihanna Peiman, PDF (UL) d SAR water surface mapping analysis

luliia Andreichuk , MSc(UR) 8 RCM modeling for input to ACRU

Samantha Kerr, BSc(UR) 0 Tree ring analysis to reconstruct stream flows for ACRU
modeling

Colin Langhorn, BSc(UL) - RCM data analysis

Kaily Scott, BSc(UL) d ACRU set up support

Mark Derksen, BSc (UL)d lidar flight path modelin g

David Tavernini, BSc (UL)d lidar snowpack modeling

Journal Papers Published /In Review (13):

Barnes C., Hopkinson, C., Porter, T., Xi Z. 2020.IN-SITU LED-BASED OBSERVATION
OF SNOW SURFACE AND DEPTH TRANSECTS. Sensorg0 (8), 2292
Barrow, EB and DJSauchyn. 2019.UNCERTAINTY IN CLIMATE PROJECTIONS AND
TIME OF EMERGENCE OF CLIMATE SIGNALS IN WESTERN CANADA . The
International Journal of Climatologynttps://doi.org/10.1002/joc.6079
Cartwright, K., Hopkinson, C. Kienzle, S., Rood, SEVALUATING LIDAR -ESTIMATED
8



SNOW DEPTH DRIVERS AND THEIR CONSISTENCY DURING MID WINTER
AND MEL T ONSET FOR A ROCKY MOUNTAIN WATERSHED . Hydrologica
Processegin Review)

Cartwright, K., Mahoney, C. Hopkinson, C. SPATIAL AND TEMPORAL CONS ISTENCY
OF MACHINE L EARNING -BASED IMPUTATION OF SNOWPACK DEPTH
WITHIN AN OPERATIONAL LIDAR SAMPLING FRAMEWORK. Ramote Sensing
(In Review)

Foster, S. G., Mahoney, J M., Rood, S. B. 2018.FUNCTIONAL FLOWS: AN
ENVIRONMENTAL FLOW REGIME BENEFITS RIPA RIAN COTTONWOODS
ALO NG THE WATERTON RIVER, ALBE RTA. Restoration Ecology 26(5), 921932.

McCaffrey, D. and Hopkinson, C. 2017. ASSESSING FRACTONAL COVER IN THE
ALPINE TREELINE ECOTONE USING THE WSL MONOPLOTTING TOOL AND
AIRBORNE LIDAR . Canadian Journal of Remote Sensig(5): 504512.

McCaffrey and Hopkinson. 2020. REPEAT OBLIQUE PHOTOGRAPHY SHOWS
TERRAIN AND FIRE -EXPOSURE CONTROLS ON CENTURY-SCALE CANOPY
COVER CHANGE IN THE ALPINE TREELINE ECOTONE. Remote SensingRemote
Sensingl2(10): 1569

McCaffrey and Hopkinson. HISTORIC CHANGE IN THE ALPINE T REELINE
ECOTONE USING A RANDOM FOREST MODEL . Canadian Journal of RemotenSimg
(Accepted pending revision)

Okhrimenko , Coburn, Hopkinson. 2019. MULTI -SPECTRAL LIDAR: RADIOMETRIC
CALIBRATION, CANOPY SPECTRAL REFLECTAN CE, AND VEGETATION
VERTICAL SVI PROFILES. Remote Sensingjl (13), 1556

Peimann, R.,Hopkinson, C., Brisco, BAUT OMATED SAR INTENSITY AND TEXTURE -
BASED MONITORING O F SURFACE WATER EXTENT. Canadian Journal of Remote
Sensing(Accepted pending revision)

Sauchyn, D and llich, N. 2017.NINE HUNDRED YEARS OF WEEKLY STREAMFLOWS:
STOCHASTIC DOWNSCALING OF ENSEMBLE TREE-RING
RECONSTRUCTIONS. Water Resources Researbi©l: 10.1002/2017WR021585

Xi , Hopkinson, Rood, Barnes, Xu, Pearce, Jones. 2019 LIGHTWEIGHT LEDD AR
OPTICAL FUSION SCANNING SYSTEM (FSS) FOR CANOPY FOLIAGE
MONITORING . Sensord9, 3943; doi:10.3390/s19183943

Journal Papers In Preparation (6):

Barnesand Hopki nson. WATERSHED-WIDE SNOW DENSITY AND SWE
ESTIMATION USING SPATIALLY DISTRIBUTED TIME SERIES
METEOROLOGICAL OBSERVATIONS, AIRBORNE LIDAR, AND FIELD
MEASUREMENTS. To be sulmitted to Hydrological Processes

Barnesand Hopkinson. AIRBORNE LIDAR FLIGHT PATH SA MPLING
OPTIMIZATION FOR WATERSHED -WIDE SNOWPACK DEPTH MONITORING .
To be submitted to Hydrologcal Processes

Barnes Bexte, Bonaventure, Hopkinson. SPATIO-TEMPORAL VARIATIO N IN

ATMOSPHERIC INVERSIONS IN A C HINOOK -PRONE MOUNTAINOUS
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ENVIRONMENT IN THE ROCKIES OF SW ALBERTA. To be submitted to Arctic,
Antarctic and Alpine Research.

Kienzle SW and Bonifacio CMT: HOW MUCH IRRIGATION WATER WILL WE HAVE
IN THE FUTURE FOR SOUTHERN ALBERTA? Manuscript to be submitt ed to the
Canadian Water Resources Journal.

Kienzle SW, Deering T and Jensen T:MAPPING HYDROLOGICAL SOIL PROPERTIES
IN THE CASTLE RIVER WATERSHED. Manuscript to be submitted to the journal
Geoderma (Elsevier).

Kienzle SW: SOME ADVANCES IN SETTING UP HYD RO-CLIMATOLOGICAL
VARIABLES FOR PHYSICALLY -BASED SMULATIONS IN MOUNTAIN
HYDROLOGY. To be submitted to a Special Issue on 'Clmatological and
Hydrological Processes in Mountain Regions' in the Open Access MDPI Journal
'‘Atm osphere'.

Peer-reviewed Conference Proceedings (4):

Okhrimenko , M., Coburn, C., Hopkinson. C., 2018.INVESTIGATING MULTISPECTRAL
LIDAR RADIOMETRY: AN OVERVIEW OF THE EXPERI MENTAL FRAMEWORK .
Proceedings of the Inteaitional Geosciences and Remote Sensing Sympo$alancia,
Spain, July 2018. Published online: http://www.igarss2018.org/

Peiman, R.,Ali, H., Brisco, B., Hopkinson, C. 2017. PERFORMANCE EVALUATION OF
SAR TEXTURE ALGORITHMS FOR SURFACE WATER BODY EXTRACTION
THROUGH AN OPEN SOURCE PYTHON -BASED ENGINE. Procedalings of the
International Geosciences and Remote Sensing Symposium, Fa Worth, Texas, USA,
July 2017. Published online: http://www.igarss2017.org/

Cartwright , K., Parsons N.R. Hopkinson, C. 2016. TERRAIN CHARACTERIZATION
INFLUENCE ON SNOW ACCUMULATION A ND PERSISTENCE Proceedings of
the 739 Annual Eastern Snow Conferenceolumbus Ohio. June 1416.

Parsons N.R. and Hopkinson, C. 2016. THE DEVELOPMENT OF AN IN SITU LED
DETECTION AND RANGING TECHNOLO GY FOR MONITORING SNOW DEPTH
AND WATER LEVEL . Proceedngs of the 739 Annual Eastern Snow Conference
Columbus, Ohio. June 1416.

Invited Seminars (8) :

Hopkins on and Xi. 2019.EVOLUTION OF TERRESTRIAL LASER SCANNING AS A
VIABLE FOREST INVENTORY AND PLOT MONITORING TOOL . Canadian Institute
of Forestry Worksbp on Indigenous Caultation and Forestry: Finding Common Ground
and Learning from Indigenouknowledge Edmonton, Nov 14.

Hopkinson. 2019. THE EYES OF ARTEMIS: USING LASERS TO WATCH OVER OUR
ECOSYSTEMS. Public Professor TaJkJniversity of Lethbridge. Sep 13.

Kienzle SW 2019: ANALYZING IMPACTS OF CLIMATE CHANGE: APPROACHES,
CHALLENGES AND POTENTIA L SOLUTIONS. Invited public presentation,
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University of KwaZulu -Natal, Centre for Water Research, April 30,2019.

Hopki nson, C. and CAN FLOODS AN FOREST EIRES BEMORE
ACCURATELY PREDICTED USING 3D TECHNOLOGY?06 Pubic lecture to Southern
Alberta Council on Public AffairsTelevised by Shaw Media. April 12, 2018.

Hopki nson, USING / PRADRCINGDIMAGES AS DATE: USING LIDAR TO
STUDY ECOSYSTEMD Y NA MI Cl8ivedsit y o f Lethbridge O0Take T
SeriesLethbridge February 1st

Hopki nson, HOROGEOMATICS & THE WEB OF THINGS: ADVANCING
HYDROLOGICAL RESEARCH AND MONITORING BY INTEGRATING 3D
REMOTE SENSING, TELEMETRY AND ONLINE H YDROMETEOROLOGY. 6
Invited seminar at the Cold Regions Research Centijlfrid Laurier University.
Waterloo, Ontario, Canada. October 26"

Kienzle SW 2016 DID IT REALLY GET WARMER IN ALBERTA BETWEEN 1950 AND
2010? BETTER CLIMATE INFORMATION FOR A BETTER FUTURE. Public
presentation at the Galt Museum. Nov. 16, 2016.

Kienzle SW 2016HOW DID THE CLIMATE CHANGE BETWEEN 1950 AND 2010, AND
WHAT DOES IT MEAN? Lethbridge and District Horticultural Society, July 27, 2016

Conference Presentations (40)

Barnes Porter, Xi, Hopkinson. 2019. COMBINING A LOW COST IN SITU LED
RANGING AND INTENSITY SYSTEM WITH METEOROLOGICAL VARIABLES TO
DEVELOP A TEMPORAL SNOWPACK DENSITY MODEL . Canadian Symposium on
Remote Semsg. Fredericton, NB. June 46.

McCaffrey and Hopkinso n. 2019 RANDOM FORE ST MODEL OF ALPINE TREELINE
ECOTONE: ESTIMATING UPSLOPE ADVANCE USING HISTORIC
PHOTOGRAPHY . Canadian Symposium on Remote Senskrgdericton, NB. June 46.

Okhrimenko and Hopkinson. 2019. INVESTIGATING MULTI -SPECTRAL LIDAR
RADIOMETRY: RECONCILING ALTITUDE AND CANOPY INFLUENCES ON
ACTIVE VEGETATION INDICES . Canadian Symposium on Remote Sensing
Fredericton, NB. June 46.

Porter, Barnes Collingwood, Chasmer, Okhrimenko, Hopkinson. 2019. UAV
PHOTOGRAMMETRY (SFM), MULTI -SPECTRA. LIDAR, AND AERIAL
PHOTOGRAPHY DATA FUSION FOR WILDFIRE RECOVERY MONITORING IN
WAT ERTON LAKES NATIONAL PARK . Canadian Symposium on Remote Sensing
Fredericton, NB. June 46.

Xi, Hopkinson, Chasmer, Rood. 2019.DECOMPOSING PLOT-LEVEL TERRESTRIAL
LASER SCANNING POINT C LOUDS INTO WOOD COMP ONENTS FOR BIOMASS
ESTIMATION BASED ON DEEP 3-D FULLY CONVOLUTIONAL NETWORKS
AND QUANTITATIVE STRUCTURAL MODELING . Canadian Symposium on Remote
Sensing Fredericton, NB. June 1921.

Xi, Hopkinson, Rood, Barnes Xu, Pearce Jones. 2019.GENERATING HEMISPHER ICAL
COLORED POINT CLOUDS BY FUSING MULTI -BEAM LEDD AR®, MONOCULAR
CAMERA AND PAN -TILT ROBOTICS FOR STATIONARY ENVIRONMENTAL
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MONITORING . Canadian Symposium on Remote Senskrgdericton, NB. June 1921.

Kienzle SW 2018:MAPPING CHANGES OF 43 CLIMATE INDICE S AT HIGH SPATIAL
RESOLUTION FOR ALBERTA, CANADA, F OR THE PERIOD 1950 TO 2010. In:
Climate Data Homogenization and Analysis of Climate Variability, Trends and
Extremes. Poster Presatation, EGU General Assembly, 7812 April 2019, Vienng
Austria.

Porter, Barnes, Hopkinson. UNMANNED AERIAL VEHICLES AND STRU CTURE-
FROM-MOTION (SFM) FOR CHANGE DETECTION IN ALPINE ENVIRONMENTS
Western Division of the Canadian Association of Geographerief@mce Victoria, March
8-9.

Kienzle SW 2019:0ON THE POTENTIAL OF MAPP ING CLIMATE INDICES TO
DELINEATE CURRENT AND FUTURE WEATHER EXTREMES AND ECOSYSTEM
CHANGES. 17th Savanna Science Network Meeting. Skukuza March 37, 2019.

Kienzle SW 2018:WATER SECURITY AND CLIMATE CHANGE IN THE OLDMAN
RIVER BASIN. Lethbridge College Science Café, Nov. 07, 2018.

Bexte, K. J., Bonnaventue, P. P. 2018CHARACTERIZATION OF INVERSION EVENTS
WITHIN THE WEST CASTLE WATERSHED, ALBERTA . Associaton of Canadian
Universitiesfor Northern Studies Student ConferenEelmonton, AB, Canada. November
1-3

Okhrimenko , Coburn, Hopkinson, 2018. INVESTIGATI NG MULTISPECTRAL LIDAR
RADIOMETRY: AN OVERVIEW OF THE EXPERIMENTAL FRAMEWORK . Invited
talk at the International Geoscience and Réen8ensing Symposiunvalencia, Spain July
22-27

Kienzle SW and Clark C 2018: Creation of an Interactive Website for Mapping Changes
of 43 Climate Indices for Alberta, Canada, for the Period 1950 to 2010. Universities
Council on Water Resources ConferencePittsburgh, PA, USA, June 2628, 2018.

Barnes Hopkin son, Porter, Xi. 2018. MOUNTAIN WATERSHED SNOWPACK DEPTH
AND DENSITY SCALING BY INTEGRATING LIDAR, PHOTOGRAMMETRY,
WEBCAM, METEOROLOGICAL AND IN SITU FIELD DATA . Canadian Symposium
on Remote Sensin@askatoon, June 1921.

Bosak, Houtekamer, Porter, Van Der Laan, Hopkinson, 2018.EFFECTS OF THE KENOW
FIRE ON RUNOFF RESPONSE AND POTENTIAL INFRASTRUCTURE RISK IN
WATERTON NATIONAL PARK, AB; A REMOTE SENSING EDUCATIONA L CASE
STUDY. Canadian Symposium on Reta@GensingSaskatoon, June 121.

Hopkinson, Barnes Cartwright , Porter, Quick, Xi. 2018.INTEGRATING AIRBORNE
LIDAR AND IN SITU LED RANGING FOR MOUNTAIN SNOWPACK
MONITORING . Canadian Symposium on Remote SensBagkatoon, June 1921.

McCaffrey and Hopki nson. 2018.REPLICATING A RANDOM FOREST MODEL OF
ALPIN E TREELINE ECOTONE DYNAMICS . Canadian Symposium on Remote Sensing
Saslatoon, June 1921.

McCaffrey, Hopkinson, Brisco. 2018. BOREAL WETLAND WATER FLUX
MONITORING WITH ALS AND SAR CORRELATES TO REGIONAL PATTERNS
OF PRECIPITATION. Canadian Symposium on Retad&GensingSaskatom, June 1921.

Quick, Hopkinson, Brisco. 2018. COMBINED UTILIZATION OF HIGH RESOLUTION
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LIDAR WITH POLARIMETRIC SAR FOR DETERMINATION OF SNOW W ETTING
FRONTS AND DERIVED MELT RATES IN COMPLEX TERRAIN. Canadian
Symposium on Remote Sensisgskatoon, June 121.

Xi and Hopkinson, 2018. A SMALL LOW -COST 3D SCANNING AND IMAGING
SYSTEM FOR INSITU HYDRO-ECOLOGICAL MONITORING . Canadian Symposium
on Renote SensingSaskatoon, June 121.

Hopk inson, Barnes Cartwright , Quick, Xi, Brisco. 2018.IN TEGRATING AIRBORNE
LIDAR, IN SITU LED RANGING AND SAR FOR SNOWPACK MONI TORING IAHS
Remote Sensing Hydrology Symposiugordoba, Spain, May 810

Kienzle SW 2018:ALBERTA WATER UNDER CONDITIONS OF CLIMATE CHANGE.
WHAT SHOULD WE DO? Public Lecture and Panel Discussion at Pat Caftson
Speaker Series: Climate change and the futureof energy. Medicine Hat, Jan. 25, 2018.

Kienzle SW 2018:ALBERTA WATER UN DER CONDITIONS OF CLIMATE CHANGE.
WHAT SHOULD WE DO? Public Lecture and Panel Discussion at Pat Carlson
SpeakerSeries: Climate charge and the future of energy. Lethbridge, Jan. 24, D18.

McCaffrey, Hopkinson. 2017. TOPOGRAPHIC PATTERNS OF MORTALITY AND
SUCCESSION IN THE ALPINE TREELINE ECOTONE SUGGEST HYDROLOGIC
CONTROLS ON POST-FIRE TREE ESTABLISHMENT. American Gephysical Union,
Fal Meeting. New Orleans, USA, December 1115

Peiman, R. Ali, H., Brisco, B. Hopkinson, C. 2017. PERFORMANCE EVALUATION OF
SAR TEXTURE ALGORITHMS FOR SURFACE WATER BODY EXTRACTION
THROUGH AN OPEN SOURCE PYTHON -BASED ENGINE. InternationalGeosciences
and Remte Sensing Symposiunfrort Worth, Texas, USA. July23-28.

Hopkinson, C. Ali ., Barnes, Brisco.,McCaffrey ., Montgomery ., Patterson,Peiman. 2017.
AN AUTOMATED ONLINE INTERACTIVE SAR & LIDAR SURFACE WATER
ASSESSMENT & MONITORING PORTAL. International Assomtion of Hydrological
Sciences Conferené¢®rt Elizabeth, South Africa. July 10-14.

Hopkinson, C. Cartwrigh t, McCaffrey, Kienzle, Rood. 2017.A MOUNTAIN WATER
RESOURCES MONITORING AND MODELLING FRAMEWORK USING A
TEMPORAL FUSION OF OPTICAL, LIDAR AND RADA R IMAGE DATA SOURCES
AT CENTURY TO SEASON SCALES.International Association of Hydrological Sciences
Conferere.Port Elizabeth, South Africa. July 10-14.

Cartwright , K. and Hopkinson, C. 2017.EVALUATION OFRANDOM FOREST SNOW
DEPTH MODELING USING AIRBORNE LIDAR. 38h Canadian Remote Sensing
Symposium Montreal, Quebec. June 22

Hopkinson, C. Ali., Brisco., McCaffrey., Montgomery ., Patterson, Peiman. 2017. AN
ONLINE PORTAL FOR AUTOMA TED SAR AND LIDAR INTEGRATION FOR
SURFACE WATER MONITORING. 38" Canadian Remote Sensing Symposium
Montreal, Quebec. June 2022.

Hopkinson, C. Cartwright, McCaffrey, Kienzle, Brisco. 2017. A MOUNTAIN WATER
RESOURCES MONITORING FRAMEWORK USING A TEMPORAL FUSION OF
OPTICAL, LIDAR AND RADAR IMAGE DATA SOURCES A T CENTURY TO
SEASON SCALES. 38" Canadian Remote Sensing Symposilviontreal, Quebec. June
20-22.
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McCaffrey, D. and Hopkinson, C. 2017. OBLIQUE PHOTOGRAPHY AND CANOPY
COVER CLASSIFICATION IN THE ALPINE TREELINE ECOTONE. 38" Canadian
Remote Sensing Symposi. Montreal, Quebec. June 2022.

McCaffrey, D. and Hopkinson, C. 2017. TOPOGRAPHY AND CANOPY COVER
CHANGE IN THE ALPINE TREELINE ECOTONE: CENTURY 0SCALE
OBSERVATIONS. 38" Canadian Remote Sensing Syrsijpion. Montreal, Quebec. June
20-22.

Neilsen, T. Smith, B., Houston, T., Hopkinson, C. 2017.FUSING LIDAR AND RUNOFF
TIME SERIES DATA TO MODEL FLOOD SCENARIOS IN THE HEADWATERS OF
THE OLDMAN RIVER BASIN, ALBERTA . 38" Canadian Remote Sensing Symposium
Montreal, Quebec. June 22.

Peiman, R. Ali, H., Brisco, B. Hopkinson, C. 2017. AUTOMATED SURFACE WATER
THRESHOLDING TECHNIQUES BASED ON SAR TEXTURE AND DB
BACKSCATTER USING MULTI-TEMPORAL RADARSAT -2 IMAGERY. 38h
Canadian Remote Sensing Sympositiontreal, Quebec. June 2e2.

Xi, Z., Hopkinson, C., Goulen, T. 2017.A LOW -COST LIDAR SCANNING SCHEME
INTEGRATING MULTI -BEAM LEDDAR, SERVO, AND VIDEO . 38" Canadian
Remote Sensing SymposiuMontreal, Quebec. June 2022.

Cartwright , K. and Hopkinson, C. 2017.INTER AND INTRA -ANNUAL CONSISTENCY
OF SEASONAL SNOWPACK PROPERTIES USING CONVENTIONAL SNOW
DATA AND AIRBORNE LIDAR . Canadian WaterResourcedAssociation Conference
Lethbridge, Alberta. June 5-7.

Kienzle SW 2017:MAPPING TRENDS OF 43 CLIMATE INDICES AT HIGH SPA TIAL
RESOLUTION FOR ALBERTA, CANADA, FOR THE PERIOD 19500 201Q Canadian
Association of Geographers, May 29-June 02, 2017, ¥rk Univers ity, Toronto.

McCaffrey, D. and Hopkinson. 2016. ESTIMATION OF BIOMASS DYNAMICS IN
ALPINE TREELINE ECOTONE USING AIRBORN E LIDAR AND REPEAT
PHOTOGRAPHY. AGU Fall Meeting, San Francisco, Decemberl2-16.

Cartwright , K., Parsons N.R. Hopkinson, C. 2016. TERRAIN CHARACTERISTIC
INFLUENCE ON SNOW ACCUMULATION AND PERSISTENCE: CASE STUDY .
734 Annual Eastern Snow Conference, Colung Ohio. June 1416.

Parsons N.R. and Hopkinson, C. 2016.IN-SITU LIGHT EMITTING DIODE DETECTION
AND RANGING FOR THE MAPPI NG OF SNOW SURFACE TOPOGRAPHY AND
DEPTH. 739 Annual Eastern Snow Conferendgolumbus, Ohio. June 1416.

Kienzle SW 2016 HIGH -RESOLUTION MAPPING OF CLIMATE INDICES AND THEIR
TRENDS ACROSS ALBERTA, CANADA, FOR THE PERIOD 1950 TO 2010The 13th
International Meetingon Statistical ClimatologyJune 610, Canmore, Alberta.

Medla ou tputs:

Thomas Porter Productions Interview: UNDERSTANDING OUR HEADWATERS .
online video interview / mini doc umentary, April 2017.
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https://www.youtube.com/watch?v=PoutMOD94IA

Hopkinson, C. 2016. AIRBORNE LIDAR FIELD OPERATIONS LECTURE. Ad Hoc
presentation given outside hangers of our lidar survey aircraf t at end of summer
missions. https://www.youtube.com/watch?v=L1dfGL7158w

Lethbridge Herald Newspaper article by Tijana Martin:. CLASSROOM WITH A VIEW.
May 27th, 2016: http://| _ethbridgeherald.com/news/local -
news/2016/05/27/classroom -with -a-view/

Lethbridge Living online article: SHELL CANADA DONATION HELP S REVITALIZE
UNIVERSITYOFLETHBRI DGEO® S WE S IOIDCAATTON EMaj 261, 2016:
http://lethbridgeliving.com/ne  ws/item/shell -canadadonation-helps-revitalize -

university -of-lethbridge -s-westcastle-field -station (mention of West Castle research
hydro -meteorological program)
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3. Appendices

Appendix 3.1 Assessing Fractional Cover in the Alpine Treeline Ecotone
Using th e WSL Monoplotting Tool and Airborne Lidar

McCaffrey, D. and Hopkinson, C. 2017.ASSESSING FRACTIONAL COVER IN THE
ALPINE TREELINE ECOTONE USING THE WSL MONOPLOTTING TOOL AND
AIRBORNE LIDA R. Canadian Journal of Remote Sensug(5): 504512.
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Assessing Fractional Cover in the Alpine Treeline Ecotone Using the WSL Monoplotti  ng
Tool and Airborne Lidar

Research Note
Author 1: Davi d R. McCaffrey, Department of Geography, Alberta Water & Environmental

Science Building, University of Lethbridge, 4401 University Drive, Lethbridge, Alberta, T1K
3M4, phone: 4033292225, fax: 4033324039,david.mc caffrey@uleth.ca

Author 2: Chris Hopkinson, Depa rtment of Geography, Alberta Water & Environmental Science
Building , University of Lethbridge, 4401 University Drive, Lethbridge, Alberta, T1 K 3M4,
phone: 403329-2225, fax: 4033324039,c.hopkinson@uleth.ca

Ab stract

As forest cover in mountain areas impacts headwater properti es like habitat extent and
downstream water resources, it is important to assess and understand the changes that occur
across forestboundaries like the alpine treeline ecotone (ATE). Suchchanges occur slowly and
manifest at decadal to century time scales which requires a high spatial and temporal
resolution of analysis for accurate meaningful results. In this research note, fractional cover
classification of the ATE is achieved through oblique photography analysis with the WSL
Monoplotting Tool . Seven plotographs of the West Castle Watershed (Alberta, Canada),
collected by the Mountain Legacy Project, were gridded to a 20 m resolution and assigned
canopy cover classes by manual interpretaion. Four canopy cover classes (i.e. no cover, low
vegetation, partial canopy, full canopy) were validated through comparison to lidar -derived
fractional cover. The extraction of canopy cover information fr om oblique photography at a
resolution of 20 m introduces the ability to assess and quantify changes in the ATE over
century-scale oblique photograph records.

Introduction

Alpine Treelin e Ecotone (ATE), the boundary between alpine tundra and closed canopy,
is characterized by distinct patterns in for est structure; decreases in mature tree height, stand
density, and fractional cover correlate with increases in elevation (Kérner, 2012; Tranquillini,
1979) Environmental factors influencing t hese faest structure patterns are varied (Case &
Duncan, 2014; Holtmeier & Broll, 2005; Weiss et al., 2015and understanding the degree to
which multi -scale interactions between anthropogenic, orographic, and climatic factors affect
shifts in ATE has relied on observation methods such as repeated plot measurements,
dendrochronology, remote sensing, and historic records (e.g. oblique photography).

ATE observation methods are limited in the temporal and spatial extents at which they
can resolve change(Danby, 2011) For example, forest stucture parameters that characterize
ATE, such as fractional cover, canbe observed at a high spatial resolution (<1 m?) using
airborne lidar, but few extended lidar records presently exist for periods longer than 20 years.
Conversely, oblique photograph r ecords of ATE exist for periods exceeding 100 years (e.g. Trant
et al., 2015), but quantitative analysis of century-scaleland cover change using oblique
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photographs has been restricted tolow spatial resolutions (~100 m2) (Stockdale et al., 2015)In
the Rocky Mountains, where advance of ATE species such as subalpine fir Abieslasiocarpahas
been observed at 0.280.62 m yr! (Bekker, 20®; Luckman & Kavanagh, 2000)the ability to
detect shifts in ATE using repeat obliqgue photograph will depend on incr easing the spatial
resolution of analysis above 100 n?; e.g. if ATE has advanced on the order of ~50 m in a
century, in order to detect change using a century scale photographic record, the spatial
resolution of analysis must be higher than 100 m. This research note applies recent advances in
oblique photography analysis to increase the spatial resolution of fractional cover classification
from obligue images of ATE, while comparing the phot ogrammetrically interpreted
observations of canopy cover with empir ically -derived estimates from lidar.

Quantitative Analysis of Oblige Phobgraphs

Prior limitations of quantitative oblique photography ana lysis have been overcome with
the advent of software like the WSL monoplotting tool (Bozzini et al., 2012)(WSL is the German
acronym for the Swiss Federal Institute for Forest, Snow and LandscapeResearch) which can
produce georeferenced vectordata from oblique photographs using tie points between oblique
and aerial photographs, and high resolution topographic data. Previous analys es of oblique
photographs to assess change in the ATE were mostlyqualitati ve, relying on descriptions of
land cover change and estimations of spatial extent (Butler & DeChano, 2001; Klasner & Fagre,
2002; Kullman & Oberg, 2009; Moiseev & Shiyatov, 2003; Roush et al., 20073tockdale et al.
(2015)introduced a method of quantifying land cover change using the WSL monoplotting tool
and repeat photography from the Mountain Legacy Project (MLP), a collection of over 120,000
historic survey images of the Canadian Rocky Mountains (188806 1958)(Trant et al., 2015) The
study compared estimated UTM coordinates of tie points used in WSL monoplotting camera
calibration with the coordinates of points that had been projected from t he captured oblique to
orthogonal perspective using the software; the mean distance error of all test points in an
oblique image was observed to be 14.7 m, while mean displacement error (i.e.difference
between the centroid of the set of all test points in a given image) was 2.9 m(Stockdale et al.,
2015)

The high spatial resolution of airborne lidar makes it a promising candidate for
validation of oblique photograph analysis, but at the time of writing, only a single study is
known to hav e compared land cover data generated from the WSL monoplotting tool against
vegetation measurements from airborne lidar; using an object based image analysis andlidar
derived estimates of vegetation height and cover as validation, Kolecka et al. (205) mapped
areas of forest succession from oblique photographs with an overall accuracy 0f 95%.

The present research compares manual estinates of ATE canopy cover from oblique
photography with lidar -derived estimates of fractional cover, at a spatial resdution which is
sufficiently high to observe and measure shifts in the ATE over a century scale photographic
record (i.e. ~20 m). The rationale for comparing oblique pho togrammetric and lid ar canopy
cover estimates is that temporal change analysis is assured most effective when the image data
being compared are analogous; i.e. tis more logical to assess change from contemporary and
historic al oblique photographs than, say, historical oblig ue imagery and contemporary lidar.
However, lidar is a reliable and widely used technique of contemporary canopy cover
assessment, so compang canopy cover data derived from contemporary oblique photograph s
and lidar enables long term change assessmentsd be placed into a modern context with wide -
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ranging applicability.

Data Collection and Analysis
Oblique Photographs

Research was conductedover the West Castle Watershed (WCW), Alberta, Canada
(49.3° N, 114.4° W), in the headwaters ofthe Oldman River on the eastern slopes of the Rocky
Mountains, with an area of ~103 km2, and an elevation range of ~14002600 masl|. Aside from a
small ski resort and village near the downstream end of the WCW (2.9% of the watershed area),
and trails in th e valley bottoms, the forested slopes demonstrate limited anthropogenic
disturbance, have not been subject to mountain pine beetle infestation, and have no recod of
major fires. Consequently, the WCW is an ideal study area for assessing recent natural shits in
the treeline ecotone in this part of the Canadian Rockies. Seven highresolution oblique
photographs of the WCW were selected from a set of 46 provided by the MLP, which
maximized the spatial coverage of the valley, while also providing areas of overlap for
classification error analysis. All photographs were collected in August 2006, and geolocations
for photograph origins were provided by the MLP (Table 1) .

Table 16 Oblique Photograph Summary

Mean
Elev Mean Distance Mean
Photo (masl Angle # of tie Error SE  Displacement
) Latitude Longitude Error (°) points (m) (m)  Error (m)
114°22°58.97"" 1.1
1 2295  49°16'3.62”'N W 0.09 4 15.99 9 2.85
49°20°1400  114°23'22.81" 2.0
2 2216 N W 0.11 10 22.06 9 12.12
49°17°'7.A0" 114°20°44.21" 0.7
3 2390 N w 0.085 6 7171 2 55.00
114°22°'56.77"" 2.5
4 2283  49°16'4.94°N W 0.06 5 5.21 4 4.17
114°22°'56.77"" 3.6
5 2283 49°16'4.94”°N W 0.092 8 6.46 8 1.04
49°17°7.010" 114°20°44.21" 0.4
6 2390 N W 0.059 4 49.54 7 42.70
114°22°18.63" 1.7
7 2462  49°18'7.26”"N W 0.118 7 11.06 8 5.70
1.7
Avge 0.088 6.29 26.00 8 17.65

Rasterized canopy cover datawere generated from oblique photographs, using WSL
monoplotting software (Bozzini et al., 2012) generally following the method o f Stockdale et al.
(2015} 1) coregistered aerial imagery (1.5 m, SPOT) and topgraphic data (1 m DEM, lidar
collection described below) were used to calibrate camera parameters for each of theseven
images; 2) tie points were seleted on the aerial and oblique images, and removed until the
mean angle error reached ~0.1°; 3) the came parameters were exported to ArcGIS 10.3(Esri,
2014) where the 1 m DEM was used to create aviewshed for the image (Fig. 1b); 4) a 20 m
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fishnet (i.e. 400 n? grid cells) was overlaid and clipped to the viewshed, with any grid cell s
having less than 75% coverage (i.e. < 300 ) being omitted (Fig. 1c), 5) the World to Pixel
function of the WSL software was used to project fishnet grid cells from UTM coordinates to

pix el coordinates, so that the 20 m x 20 m grid cells were draped oer the oblique image (Fig.
1d). Once in an oblique projection, grid cells were m anually assigned into one of four canopy
cover classes based on observed canopy openness and texture (Fig. 1éJisual estimates of
canopy cover from photography are commonplac e and can be compared against lidar derived
fractional cover. The four canopy cover classes were: 1INo Coverd grid cells devoid of
vegetation; 2) Low Vegetatiord grid cells appear vegetated, but context and texture suggest
shrubs or krummholz, not uprig ht trees >2 m; 3)Partial Canopyd trees are presat, but ground is
visible in > 50% of the grid cell; 4) Full Canopyd trees cover > 50% of a grid cell. Finally,
classified obliqgue images were converted back to orthogonal view for comparative analysis (Fi g.

1).
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Figure 1 0 The oblique photograph to r aster workflow, as described by Stockdale et al.
(2015) a) an obligue image of Mount Haig, in the West Castle valley, Copyright Mountain
Legacy Project, 2006; b) view shed of Mount Haig image, using camera calibration from W SL
Monoplotting tool; ¢) a 20 m fishn et applied to the Mount Haig view shed; d) fish net grid
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project back to oblique view using WSL World to Pixelfunction; e) obliqgue image w ith canopy
cover classification; f) orthogonal image with canopy cover classification.

Observation Count
[ K Multiple Observation
- Error

2 - Observations Disagree
- 3 Observations Agree

Canopy Class

- No Cover

Low Vegetation

Partial Canopy

- Full Canopy

Figure 2 0 Results of oblique photograph and fractional cover analyses in West Castle; a)

22



observation areas were viewed by either 1, 2, or 3 different oblique images;b) areas with
multiple observation either agreed i n all 2 or 3 observations, ordisagreed; ¢) map of fractional
cover (20), gridded from lidar using LAStools (Isenburg, 2013) d) canopy cover classifications,
manually interpreted from oblique ima ges and projected to orthogonal view.

Mean distance error and mean displacement error were calculated by importing the
UTM coordinates (x,y, z) of registration points into the WSL monoplotting tool, and exp orting
the points to a shapefile using the cameracalibration for each oblique image, asin Stockdale et
al. (2015) Mean distanceerror was calculated as the 3d distance between each registratio point
and its projected counterpart, and mean displacement error was calculated as the3d distance
between the centoid of the set of registration points and the set of projected points.

Grid cells that extended above ridgelines or the horizon were omit ted from analysis,
leaving an area of 46.6 kn®, or 43% coverage of West Castle WatershedUsing the Alberta
Vegetation Inventory (Alberta Sustainable Resources Development 2005) vector data for
known areas of disturbance (e.g. former cut blocks, oil well pads, roads, ski resort, and a small
burn area) were aggregated into a single layer, and any grid cells intersecting with this
disturbance layer were omitted, leaving a final observation area of 39.8 kim?, or 38.6% of WCW.
Of the observed area, 10.7 kn? (26.9%) had multiple observations allowing for an assessment of
the manual classification consistency from different vantage points (Fig. 2a, Table 2). Accuracy
of canopy cover classifications was assessed by determining whether the minimum and
maximum classification values (for classes 1 to 4) for each grid cell agreed ordisagreed. Terrain
slope was investigated as a possible source of classification error; slope distrilution of areas of
agreement and disagreement were compared.

Table 20 Observation

Number of Observations Area (km 2) Percent of Observed Area
1 29.1 73.1%
2 10.0 25.2%
3 0.7 1.7%

Multiple Observations
Agree 8.5 79.5%
Disagree 2.2 20.5%

Airborne Lidar

An airborne lidar s urvey of West Castle Valley was flown on October 18th, 2014 with a
Leica ALS70 with a minimal point spacing of 3pts/m 2 at nominal altitude (1300 m above the
mean ground surface elevation). Lidar point cloud processing and f ractional cover analysis
approximately followed the return -count ratio methods described in Hopkinson and Chasmer
(2009) Data were classified into ground and non-ground using Terrascan(Terrasolid, Finland)
and a 1m DEM was interpolated from the ground -classified points and aggregated using mean
values to match the 20 m canopy cover classification grid cells. Fractional cover was calculated
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using the LA Stools suite (Isenburg, 2013) data were height normalized, and lascanopyvas
applied with a height threshold of 2.0 m, and a step of 20 m, again matching canopy cover
classification grid (Fig. 2c). Differences in the distributions of fractional cover for each canopy
cover classification type were analyzed using ANOVA and Tukey honest significant difference
(HSD) pairwise comparison.

Results

Camera calibration of the seven oblique photographs using the WSL monoplotting tool
resulted in a mean angle error of 0.088° (below the recommended target minimum of 0.100°), a
mean distance eror of 26.00 m per point, and mean displacement error of 17.65 mfor the
centroid of all points in a calibrated ima ge (Table 1). Comparison of areas of multiple
observation showed that 79.5% of the grid cells agreed between observations, while at least one
classification value disagreed in 20.5% of cases (Fig. 2b, Tabl). Terrain slope was significantly
higher in dis agreement cases than in agreement cases (ANOVA, F = 98.6, df =1, §0.001)(Fig.
3).

Results of ANOVA indicated a significant difference in t he distribution of fractional
cover for at least one of the four canopy cover classifications (F = 1586df = 3, p < 0.001), and
Tukey HSD pairwise comparison showed significant diff erences in fractional cover between all
six pairwise cases (Fig. 4, Table3). As this result may have been driven by expected areas of
homogenous full canopy cover at lower elevations and no cover at higher elevations, the
analysis was re-run, but restrict ed to elevations between 18002300 m, where ATE is expected to
cause morevariability in canopy cover. The results were repeated; ANOVA for ATE area only
indicated a significant difference in the distribution of fractional cover for at least one of the
four canopy classifications (F = 576.4, df = 3, p < 0.001), and Tukey HSD paivise test showed
significant differences in fractional cover bet ween five of the six pairwise cases (kg. 4, Table3).
With analysis restricted to ATE elevations, there was no significant difference in the distribution
of fractional cover between low vegetation and partial canopy classes.
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Figure 3 8 Box and violin plot showing slope distribution for ar eas where multiple observations

agreed and disagreed. Slope was higher in disageement cases that in agreement cases
(ANOVA, F = 98.6, df =1, p <0.001**%,

Fractional Cover Distribution
of Canopy Classifications
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Figure 4 6 Manual canopy cover classification from oblique images results in
significantly different distrib utions of fractional cover; pink plots show analysis of all
observation area, while blue plots show analysis restricted to approximate ATE el evations
(18002300 masl). All within group differences are highl y significant, with the exception of low
vegetatio and partial canopyin the ATE only analysis (see Table 3 for detals).
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Table 36 Results of Tukey HSD Pairwise Comparison

All Observati ons ATE ONLY

difference lower upper pvalue difference  lower upper pvalue
1-2 8.7 7.9 9.5 <0.001*** 7.9 4.2 11.6 < 0.001***
1-3 178 17.0 18.6 <0.001*** 11.7 7.8 15.7 < 0.001***
1-4 56.0 55,5 56.5 <0.001*** 40.6 38.0 43.1 <0.001**
2-3 9.1 8.1 10.1 < 0.001*** 3.8 -1.0 8.7 0.170
2-4 473 46.6  48.0 <0.001*** 32.7 289 36.4 <0.001***
3-4 38.2 375 39.0 <0.001*** 28.8 24.8 32.9 <0.001**

Discussion and Conclusion

The analyses indicated that fractional cover across the ATE could be discriminated from
oblique imagery at a resolution of 20 m. Mean distance error and mean displacement error were
both substantially higher than error values calcul ated in Stockdale et al. (2015) potentially as a
result of the use of fewer test points. However, mean distance error was comparable to canopy
cover grid cell resolution, and mean displacement error remained below this resolution.

Comparison of grid cells with multip le observations showed that canopy cover
classification disagreed in 20.5% of cases. Projection error may arise frm numerous factors,
including distance from lens, and observation angle, which is a function of both the slope and
aspect of the target. We ested the difference between slope in agreement and disagreement
cases, and found that mean terrain slope was highe in cases of disagreement. Low observation
angle is expected to ncrease vector length error in WSL calibration (Stockdale et al., 2015)so if
terrain slope were the only control on observation angle, the expectation would be lower terrain
slope in cases of disagreement. Tie observation that terrain slope is higher in cases of
disagreement suggests that slope isplaying a limited role in determining observati on angle,
and/or disagreement may result from diff iculty in assessing fractional cover in high slope
terrains. Casesof disagreement may result from projection error, manual classification er ror, or
both.

Manu al canopy cover classification produced signifi cantly different fractional cover
distributions, d emonstrating that fractional cover assessment through oblique photography is a
valid method of monitoring change in the ATE. Across the full watershed, this analysis was able
to distinguish between four can opy cover classes (i.e. No Cover, Low Vegetation,Patrtial
Canopy, and Full Canopy), but in the ATE the method could o nly confidently resolve three
classes (i.e. No Cover, Low Vegetation/Partial Canopy, and Full Canopy). This result is
unsurprising, given t he well documented difficulty discerning low veget ation from trees in the
ATE (Korner, 2012) With an abundance of repeat oblique photography in the Canadian Rocky
Mountains (Trant et al., 2015) future research which combines quantitative analysi s of oblique
photography with lidar derived forest structure data can incr ease the spatial ad temporal
extent of ATE monitoring. This is i mportant as we continue to explore the impacts of climatic
changes on forested mountain ecosystems and downstream wagr resources.
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Abstract: Alpine Treeline Ecotone (ATE), the typically gradual transition zone between closed canopy
forest and alpine tundra vegetation in mountain reg ions, displays an elevational range that is generally
constrained by thermal deficits. At la ndscape scales, precipitation and moisture regmes can suppress
ATE elevation below thermal limits, causing variabilit y in ATE position. Recent studies have investigated
the relative effects of hydroclimatic variables on ATE position at multiple scales, bu t less attention has
been given to interactions between hydroclimatic variables and disturbance agents, such as fire.Advances
in monoplotting have enabled the extr action of canopy cover information from oblique photography.
Using airborne lidar , and repeat photography from the Mountain Legacy Project , we observed canopy
cover change in West Castle Watershed (Alberta, Camda; ~103 kn%, 49.3° N, 114.4° W) over a 93ear
period (1914-2006). Two wildfires, occurring 1934 and 1936, provided an opportunity to co mpare
topographic patterns of mortality and su ccession in the ATE, while factoring by exposure to fire. Aspect
was a drong predictor of mortality and succession. Fire-exposed areas accountedfor 83.6% of all
mortality, with 72.1% of mortality occurring on south- and eastfacing slope aspects. Successn was
balanced between fire-exposed and unburned areas, with 62.0% ofall succession occurring on north- and
eastfacing slope aspects. The mearelevation increase of closed canopy forest (i.e. the lower bourdary of
ATE) on north - and eastfacing undistu rbed slopes was estimated to be 0.44 m y#, or ~44 m per century.
The observed retardation of treeline advance on south-facing slopes is likely due to moisture limitation.

Keywords: Alpine Treeline Ecotone, Repeat Photography, Monoplotting, Lidar, Fire

1. Introduction

Alpine treeline ecotone (ATE), the transition zone between closed canopy forest and alpine tundra,
occurs where tree growth is lim ited by thermal thresholds at high elevations [1,2]. At continental scales,
the approximate elevation of ATE is predicted by the growth limitation hypothesiswhich suggestsan inverse
relationship exists between latitude and ATE elevation [1] as a function of temperature in the growing
season[2].

However, numerous modulating factors hav e been described, which suppress treeline below this
thermal limit (for detailed list, see [3]). The relative effects of these modulating factors on ATE elevation
vary by spatial scale [4-6]. At landscape scales, ATEis suppressed below thermal limits by geomorphic
conditions [7,8], physiological stressors (e.g. moisture limitation [9], wind exposure [10]), and disturbances
such asrockslides [7], avalanches[11], and fires [12]).

A meta-analysis [13] identified 103 publications which describe long t erm records of treeline position
(both ATE and latitudinal treeline) at 16 6 sites around the world, between 1900-2008. Approximately 52%
of these siteshave some form of treeline advance. Two studies report treeline recession and both casesre
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associatedwith disturbances. Linear regression with climate records reveal s that many of the advances in
ATE position reported in [13] are associated with increases in atmospheric tempeature.

Modulating factors, which suppress ATE below thermal li mits regardless of rising atmospheric
temperature, are often studied in isolation, and the potential for interaction b etween modulating factors is
rarely considered. Our research investigated the interaction between two of these modulating factors, fire
disturbance and moisture limitation, and their c ombined influence effect on ATE position. Using a novel
monoplotting tec hnique to extract quantitative spatial data from a historic photographic r ecord, we
investigated whether postfire moisture limitation caus ed topographic patterns of vegetative regeneration,
thereby selectively suppressing ATE in dry, fire -exposed environments.

Fire and Topography in the ATE

Fires are less frequent in the ATE than at lower elevations, and fire return intervals (FRIS) are postively
correlated with elevation [14,15] While relativ ely infreque nt, fire remains an important disturbance agent
inthe ATE [16,17], and the effects of fire on subalpine regions are potentially increasing with climate change
[18].

Topographic factors like aspect and slope influence many of the processes that affect fire behavior in
mountain landscapes. Topography can alter precipitation regimes, species composition, lighting strike
frequency, and drying caused by both solar insolation and wind [14]. For example, in North America,
south-facing mountain aspects receive more solar insolation and are generally drier than north -facing
aspects. This impacts fire density (i.e. number of fires per unit area), with greater density observed on
south-facing aspects[19-21]. However, th e increase in fire density on warm aspects does not translate toan
increase in area burned on south-facing aspects [22,23] Thus, small fires are ignited more frequently on
south-facing aspects, but a large fire will burn a range of topographic conditions, without aspect bias.

Patterns of moisture limitation also have the potential to impact of postfire regrowth , potentially
suppressing ATE elevation below levels that would be expected if ATE was only limited by atmospheric
temperature. At high elevations in the Rocky Mountains, postfire areas are predominantly colonized by
spruce or fir. The initial postfire colonization in these areas can take 20100+ years[24-27], leaving alpine
meadows that persist for a century or more. Postfire rates of succession in sulalpine forest can be twice as
high on mesic slopes as on xeric slopes[28], and growth of subalpine fir has been demonstrated to be
limited on south -facing aspects[29,30]. If delayed regrowth can inhibit colonization for almost a century,
then the present position of fire -exposedtreelines on south-facing aspects may betemporarily suppressed,
appearing lower than would be expected if ATE were solely limited by atmospheric temperatur e. While
stand-age reconstructions are useful at identifying the processes involved in postfire regrowth, few direct
observations of an aspect efect on postfire regrowth have been made using imagery.

ATE Observation Techniques

Determining the interaction between aspect and regrowth in postfire environments using imagery
requires high resolution observations t hat extend more than a century. These are uncommon. A trade-off
exists between spatial resolution and temporal extent in ATE observation methods [31]. Multitempor al
remote sensing can monitor vegetative land cover change at spatial resolutions required to correlate with
topographic variables (10-100 m)[17], but observations of ATE using passive optical satellite imagery, like
Landsat TM [11,32,33]only extend back to the 197080s. Aerial photographs are similarly useful for treeline
change monitoring [17,34], but aerial photography records only extend to the late 1940s and earlyl1950s for
much of North America .
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Conversely, ATE observation records with very long temporal extents often have poor spatial
resolutio n, prohibiting topographic analysis. For example, palynological records extend thousands of years
before present, with some exceeding 10,000 years[35], but these observations can only provide a spatial
resolution equivalent to the pollen distribution distance (<100 m). Dendrochronological records have
offered the best combination of high spatial resolution (<10 m) and high temporal extent (~1000 yr). Tree
ring records are often used in ATE studies [9,36-38]. The spatial resoution and temporal extent of
dendrochronological studies are both high, but the spatial extent is limited by o nerous collection methods
and the large sample sizerequired to cover enough sites for topographic analysis [9,15].

The need for ATE observations that provide high spatial extent and resolution and long temporal
extent can be addressé with repeat photography. This method is widely used to assessland cover change
in the ATE. Patterns of ATE advance in eastern slope regions of the Canadian Rakies have been described
using repeat photography [39-41]. High resolution photographs were used to identify shrub a dvance in the
Swedish Scanded42]. Repeat photography has also been used for a description of land cover change in the
Ural Mountains [43]. While the temporal extent of repeat photographs, 100 years or more in cases, is useful
for studies of change in the ATE, the method has been mostly restricted to qualitative analysis, given the
previous inability to standardize spatial scale acr oss oblique imagery. Quantitative spatial analysis of ATE
has been attemptedby draping a polygon fishnetover repeat photographs [44], in order to standardize the
observation units in both historical and contemporary photographs, but spatial scale still varied between
polygons, limiting the usefulness of this t echnique for spatial analysis.

Recent technological advances hae enabled fully quantitative spatial analysis of repeat photographs,
using the WSL Monoplotting Tool (WSL-, 3Qw OOUl o w62 +whPUwUT | EHidgeldBiEcBrw EEUOOa
Forschungsanstalt fur Wald, SET O1 1 w U O E w + thdInisE Fedefallnstiute for Forest, Sow and
Landscape Research) which produces georeferenced vector data from oblique photographs using tie
points between oblique and aerial photographs, and high resolution topographic data [45]. The WSL-MT
tool has beenusedto monitor land cover change by extracting spatial data from oblique repeat photographs
[46] and to observe century-scale vegetation transitions in the Rocky Mountains of southern Alberta,
Canada [47]. These experimentswere conducted on photo pairs from the Mountain Legacy Project, a
collection of over 120,000historic survey images of the Canadian Rockies (1888 1958), of which over 6,000
have 21s-century repeat photographs available under creative commons license [48]. Previous research,
validated using airborne lidar, edablished that fractional cover classes could be assessedrom oblique
imagery at a spatial resolution of 20 m, using the WSL-MT [49].

Research Goals

We used a technique to assess fractional cover from oblique photographs,described in [49], to observe
postfire vegetative change in repeat photographs of a watershed in the Canadian Rockies We sought to
determine: 1) if there were observable differencesin canopy cover change between fire-exposed ard non-
fire-exposed regions of the watershed, 2) if changes in canopy cover correlate to topographic patterns that
are consistent with expected edaphic controls on regrowth (e.g. less regrowth on south -facing aspects), and
3) if it was possible to detect the rate of ATE advance in nonfire-exposed areas where ATE position is
regulated by climate.

2. Materials and Methods

Study Area

32



The study was conducted over the West Castle Watershed (WCW), Alberta, Canada (£€.3° N, 114.4°
W). WCW is in the headwaters of the Oldman River, on the eastern slopes of the Canadian Rockies, with
an area of ~103 km, and an elevation range of ~14062600m a.s.l. Aside from a small ski resort and village
near the downstream end of the WCW (2.9% of the watershed area), and trailsin the valley bottoms, the
forested slopes demonstrate limited anthropogenic disturbance. Consequently, the WCW is an ideal study
area for assesing recent natural shifts in the ATE of this part of the Canadian Rockies. Dominant species
at ATE elevation in WCW are subalpine fir and Engelmann spruce.

Repeat Photographs

Repeat photographs of WCW were provided by the Mountain Legacy Project [48] (Figure 1). The
historical images were taken in the summer of 1914 by Morrison Parsons Bridgeland. The repeat
photographs were taken by the Mountain Legacy Project in July of 2006 (Table 1). Photograph pairs were
selected to maximize the spatial coverage of the observed area of WCW. Using the same st of photographs,
it was determined that 38.5 kne (37.7%) of he watershed was observable in these imageq49] (Figure 2).

Bb)  a ¥ 2a) 2b)

Figure 1. Seven repeat photograph pairs of WCW; a-series by M.P. Bridgeland, 1914, courtesy of Library and
Archives Canada; b-series copyright Mountain Legacy Project, 2006.

Table 1. Collection data for Mountain Legacy P roject 2006 photographs. Information for the corresponding
1914 data can be found at www.mountainlegacy.ca.
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Photograph  Elevation Photograph  MLP Photo
Number (ma.s.l.) Latitude (N) Longitude (W) Date ID (2006)
1 2295 49°167+ 6t | 114°22°58.97 28 Juy 2006 B0032P0048
2 2216 KNSwl Yyl 114°1 + ] wl | 29 July 2006 B0O033P0005
3 2390 KNSwhA ] hhuKSwl Y1 28July2006 B0032P0073
4 2283 KNSwht | hhuKSuwl | 1 28July2®@6 B0032P0056
5 2283 49°16°K6 NI huhuK Swl | 1 28 July 2006 B0032P0055
6 2390 KNS whiA ]l 114°20 44. hu? 28 July 2006 B0032P0075
7 2462 KNSwhWl] hhKSwl | 1 30July 2006 B0034P0005
11 4°2I8'0"W 1" 4°2I4'0"W 11 4°29'0"W
N
-49°20'0"N
49°20'0"N-
-49°18'0"N
49°18'0"N-
-49°16'0"N
49°16'0"N-
49°14'0N4 | Photo Number R
B 1 s
I - I
s 7
-4 79( Photo Origins
-49°12'0"N
I Y T TN A NN MO M
Kilometers
" 4°2;3'0"W 1" 4°2;l'0“W 1 4°2I0'0“W
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Figure 2. Visible region of WCW in each of the seven MLP photographs. In cases where the same region is
visible in m ultiple photographs, the photograph used for a nalysis was determined by criteria described in
[49].

Canopy Classification

Canopy cover was extracted from oblique photography with the WSL monoplotting tool [45], using a
method described in [49]. The WSL-MT performs oblique to orthogonal vector transformation with a
camera calibration, which generated by pairing control points between oblique photographs and a high
resolution DEM, co-registered with aerial imagery. For the DEM requireme nt, a 1 m DEM was used, which
was collected from an airborne lidar survey in October 2014. For the aerialimagery requirement, a SPOT 6
image of WCW was used (1.5 m, acquired July 31, 2014, © 2014 CNES). In the absence of high resolution
topographic and aerial data from 1914, the analysis relied on the camera calibration from the 2014 lidar
DEM and 2006 SPOT image being applied to the 1914 oblique photographs. This approach was deemed
reasonable, as no extreme changes in topography €.g. rock slides, slumping) are apparent between the
1914 and 2006latasets.

The monoplotting procedure results in a fishnetvector layer, where each cell represents a 20 x @ m
area (viewed orthogonally). This vector layer is draped over the oblique raster image, such that cells are
scaled according to the perspectivein the image (i.e. cells in the foreground appear larger, and cells in the
background appear smaller) (Figure 3). This method circumvents the problem of varying spatial scale in
the oblique image, allowing quantit ative spatial analysis to be performed on the resulting raster.
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Figure 3. Fishnet vector layer, developed using the WSL monoplotting tool, draped on an oblique image.
Each cell in the fishnet represents a 20 x 20 m area, viewed orthogonally.

Calibrated fishnets were applied to each of the seven oblique images. Any fishnet grid cell that
intersected with less than 75% of the viewshed (i.e. < 300 ®) was omitted from the analysis (note: because
these data were eventually rasterized, and eachraster represented an area between 30100 ?, canopy
cover and change is reported by grid cell count rather than surface area).

Once in an oblique projection, grid cells were manually assigned into one of six canopy cover classes,
based on observed canofy openness and texture: 1) No Covert grid cells devoid of vegetation; 2) Low
Vegetationt grid cells appear vegetated, but context and texture suggest shrubs or krummholz, not upright
trees > 2 m; 3)Partial Canopyt trees are present, but ground is visible in > 50% of the grid cell; 4)Full Canopy
t treescover > 50% of a grid cell; 5)Snowt snow covers > 50% of a grll cell; 6) Structuret any anthropogenic
structure or non-vegetated land cover is present in the grid cell (e.g. buildings, roads, and trails) (Figure 4).
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Figure 4. Canopy cover classification for WCW using oblique photography from a) 1914 and b) 2006. Each
cell is a 20 x 20 m area, viewd orthogonally, where canopy cover has been assessed, ranging fromNo
Coverto Full Canopy and including cells with snow cover or modern structure s. The extents of the 1934

and 1936 fires are provided for reference[50].

Given the focus on vegetative land cover change, further analysis focused on the first four, ordinal
classes of vegetation fio covethrough full canopy). Any grid cells having snowor structurein either 1914 or
2006were omitted from analysis. The snowclasswas removed due to uncertainty of vegetation beneath the
snhow. The anthropogenic structure classwas omitted because the processes causing \getative land cover
to change were distinct from the processes being studied. Of the total observed area, 7.2% was affected by
the removal of snow cover, and 2.9% by the removal of anthropogenic structures.

Anthropogenic Disturbance

The Alberta Vegetation Inventory [51] was used to identify and omit areas of anthropogenic
disturbance. It was produced from interpretation of aerial photographs, and identifies several types of
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former and current disturbance, including former oil well p ads, historical cut-blocks, settlements
(including the Castle Mountain Ski Resort), and roads. These areas were aggregated into a single layer of
anthropogenic disturbance so that topographic and other factors which affected land cover change could
be conddered independently of human activity.

Fire Disturbance

Two major historical fires occurred in the interval between the oblique photograph observ ations, one
in 1934 and one in 1936. The extents of the historial fires were delineated in 2005, using a conbination of
visual evidence from a 1949 aerial photograph survey and descriptions from historical fire reports [50]
(Figure 4). More detailed attributes of these fires, such as intensity and cause are unknown, but previous
research has demonstratedthat fire intensity does not co-vary with topographic features such as aspect and
slope in subalpine fir -spruce forests of the Rockies, as fires that reach these elevatios are typically high
intensity, crown replacing fires [22,23] Thus, if we observe topographic differences in patterns of postfire
regrowth, they are likely related environmental factors that affect regrowth, and not likely caused by
topographic differences in fire intensity.

Fire suppression in early 20th-century was common practice, yet it is known that the Government of
Alberta did not engage in fire suppression in the 1930s and 1940s for reasons related to the Great
Depression and the Second World War [52]. Fire suppression techniques did not affect the fire return
interval of subalpine forests in the region [52]. Mean fire return intervals in the WCW range from 1 9.3 years
near the mouth of the valley, to 70.8 years in the southern headwaters[53].

Topographic Analysisf Change

The four ordinal classes of canopy cover (1 - no cover, 2 low vegetation, 3 partial canopy, 4 full canopy)
were used to categorize vegetative change between 1914 and 2006&-or each 20 x20 m grid cell, the
difference between the 2006 coverclass and the 1914 cover class was used to generatechange clasg(Figure
5). For example, if canopy cover in 2006 wasno covel(1), and canopy cover in 1914 wasfull canopy(4), then
the change classfor that area was 1- 4 =-3. The seven possible chang classes were:3 (high mortality), -2
(medium mortality), -1 (low mortality), O (no change), +1 (low succession), +2 (medium succession), +3 (high
succession).
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Figure 5. Cover change classificaton for period 1914-2006.Large areas of anthropogenic disturbance, such
as a ski hill in the North of the watershed and a historic cut block in the South of the watershed, were omitted
from analysis.

In preparation for the topo graphic analysis, a 1 m DBEM was aggregated to 20 m and coregistered to
the changeclasses: for elevation, the mean value of the 1 m cells was used for its corresponding 20 m raster;
for slope, the degree angle of slope was calculated from the 1 m DEM, andthe mean of degree valueswas
used for the 20 m raster; for aspect, azimuth was @lculated on the aggregated 20 m DEM, and discretized
in eight intercardinal direction bins of 45° each: N = 337.5-22.5°, NE = 22.567.5°, E=67.812.5°, SE = 1125
157.5°,S = 157.8202.5°, SW = 208-247.5°, W = 247.8292.5°, NW = 292.5373.5°.

Data were factored by fire exposure, with the 1934 and 1936 fire extents aggregated into a single layer.
The distribution of topographic variables within each change cover class was contrasted between fire-
exposed and non-fire -exposed areas in the time interval 19142006.
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For aspect, we tested if the proportional distribution of aspects within each change class differed from
expected aspect distribution in a way that suggested asped influence on canopy cover. The 20 m DEMwas
sampled to establish the expected proportional distribution of aspect classes in the WCW. The observed
proportional distribution of aspect within each change class was compared to the expected distribution
with a chi-square goodness-of-fit test. To test the significance to each comparison,a Monte Carlo analysis
using 100 repetitions was used to build a sampling distribution.

For elevation and slope, we tested if the distribution of these variables differed in between
comparisons of change class. Oneway ANOVA tested whether any of the sev en classeg mean values
differed | UOOQwUT 1T wOUT 1 UUB wnOUWEOUT wi Ol Y Etesdwaduséd Oceadh 6fthe | WE OO x E
20 pairwise combinations of seven change classes to establish which esses differed from each other. Note
U1 E U wé6 HedtEdrrects fokboth unequal variance between distributions and unequal sample size [54].
A Bonferroni correction was applied to the t -tests to account for multiple comparisons. All topographic
analyseswere completed solely outside of the anthropogenic disturbance area.

Finally, the rate of upslope ATE advance in undisturbed areas was estimated along five transects of
canopy change cells. Along each transect, the boundary of cbsed canopy forest was identified in the 1914
and 2006 scenes. The closed canopy forest boundarysithe lower extent of ATE (sometimes referred to as
tim berline). Given that the upper boundary (species limit) could vary within a 20 m grid cell, and may hav e
been obstructed by snow, the closed canopy forest boundary was used as a proxy for total ATE change.
Transects were selected where a distinct timberline (lower ATE boundary) could be observed across at least
five grid cells (100 m), in areas without orog raphic boundaries to treeline advance (i.e. climatic treelines),
and where there was no exposure o fire between observations. Five of these transects were identified.
Elevation was sampled from each of the 20 m grid cells, and the mean elevations of the tosed canopy fronts
in the 1914 and 2006 scenes were compared.

3. Results

3.1 Aspect

Observed distribution of aspect significantly differed from expecte d distribution, with the majority of
mortality seen on fire -exposed, warm aspects(Figure 6). In total, fire affected 63.2% of the observed area in
WCW and 83.6% of all mortality occurred in fire -exposed areas A strong interaction between aspect and
fire was observed, with 72.0% of all mortality occurring on SW, S, SE, and E aspects . iere was a high
occurrence of succession classes in N and NE aspects, in both firexposed and nornfire-exposed areas.
Succession was also notably high in fire-exposed SW apects, and nonfire-exposed NE aspects. In total,
north - and eastfacing slope aspects accounted for62.0% of all succession.
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Figure 6. Mortality and succession in WCW over the period 1914-2006, factored by exposure to fire. Mortality
is largely restricted to fire exposed areas, and is predominantly in the SW, SE, and E aspects.

The expected proportion distribution of aspect in WCW varied , as a fundion of the orientation of the
valley; SW, E, and NE aspect had higher occurrence, while S, SE, and NW agects had lower occurrence
(Figure 7). We compared this expected proportion of aspects for each of the seven change classes (8 aspects
X 7 change classes = 56 comparisons)rhe results of the chi-squared test show that significant differences
between expeded and observed aspect proportion occurred frequently ; 46 out of 56 (82.1%) of the change
class/aspect cases showed significant differences(Table 2). The greatest departures from expected
proportions were seen in high occurrences of mortality on S and SEaspects, and high occurrences of
succession on N and NE aspects.
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Figure 7. Expected proportion of aspects within the WCW (in black) co mpared to the observed proportion
of aspect for each change kass. For example, roughly 0.1 (or ~10%) of the land inWCW is on a SE aspect
(black bar). If there were no aspect effect, we would expect the same proportion of high mortality cases to
be on SEaspects. Instead, > 0.4 (or >40%) of high mortality occurs orSE aspects (red bar).

Table 2. Results of chi-squared test of aspect proportions. Significant values in bold. Significant differences
in aspect proportion were seen in 43 out of 56 of the tests.

Change Class

High Medium Low No Low M edium High

Aspect Mortality Mortality Mortality Change Succession  Succession Succession
N X2 3075 2121 196.8 28.6 101.4 90.0 59.2

P <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
NE x2 130.1 52.6 171.7 64.5 3.4 0.1 1.9

P <0.001 <0.001 <0.001 <0.001 0.066 0.728 0.163
E %2 3.3 85.9 4.4 6.1 147.0 4.2 30.7

P 0.069 <0.001 0.037 0.013 <0.001 0.041 <0.001
SE X2 2863.3 55.9 1327.0 530.7 2.6 275 5.1

P <0.001 <0.001 <0.001 <0.001 0.109 <0.001 0.024
S 2 1771 121.3 26.7 34.4 0.1 3.3 29.6

P <0001 <0.001 <0.001 <0.001 0.702 0.070 <0.001
SW X2 27.8 1011 52.0 71.2 81.5 114.1 58.0

P <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
w 2 1141 34.8 136.6 311.9 434.0 169.8 10.2

P <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.0a
NW X2 1270 81.2 81.9 0.0 3014 0.1 268.0

P <0.001 <0.001 <0.001 0.963 <0.001 0.806 <0.001
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3.2 Elevation

The distribution of elevation within change classes shows that the greatest canopy changes were
seen in high elevation. High mortality and high successioclasses had the highest mean elevation, while the
lowest mean elevation was in the no changelass(Figure 8). This result suggests that the degree of change,
for both mortality and succession, covaried with elevation. To test this hypothesis, change classes were
pooled by absolute value (e.g. -3 combined with 3, -2 combined with 2), and a Spearman rank test was
performed . The results showed that degree ofcanopy changewas significantly correlated wit h elevation (r
=0.174, p < 0.001), thagh the correlation was weak.

2400

-3 | High Mortality
-2 | Med Mortality
2000 -1 | Low Mortality
0 | No Change

1 | Low Succession

Elevation (m a.s.l.)

2 | Med Succession

3 | High Succession
1600 , , ,
4 0.0 0.02 0.04
) fix)
AN
[/ ’ [/

Figure 8. Elevation distributions in WCW, normalized with a probability density funct ion. For each
category, the hypsometric distribution of elevation within that category is displayed. The further right a
curve extends from each baseline, the more likely it is to find values at that elevation wit hin each category.
Across all WCW, in black, elevation is evenly distributed, with elevation above 2200 m a.s.l. being less
common. Fire, in orange, was more likely below 1600 m a.sl., and high mortality and high succession were
more likely at ATE elevati ons, between 18002100 m a.s.|.Corresponding t-tests can be seen in Table 3.

Between change class differences in elevation distribution were generally significant. One-way
ANOVA sh owed that the mean elevation of at least one of the change classes was sigficantly different
from the remaining grou ps (F= 743.16, df = 6, p < 0.001). The result of the pairwisetésts showed that, of
the 21 possible pairwise combinations, 20 showed significant differences (Table 3).
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Mean elevation of fire -exposed areas was dwer than mean elevation of non-fire-exposed areas in
every change class(Figure 9). This is as expected, given the decreasing probability of fire with increasing
elevation [15]. While factoring by fire showed between group differences in elevations, the significant
correlation between degree of canopy changeand elevation was preserved in both fire -exposed cases (r
0.340, p < 0.001), and norfire-exposed cases (r = 0.110, p < 0.001).

Table 3. Results of elevation t-test between change classes. Significant values in boldSignificant
differences were seen in 20 out of 21 tests.

Change Class
High Medium Low No Low Medium
Mortality  Mortality Mortality = Change Succession Succession

Medium ' -24.042 - - ; ] ]
Mortality p <0.001 - - - - -
-20.153 6.643 - - - .

—

Low
Mortality p <0.001 <0.001 - - - -
No t -42.218 -10.400 -22.928 - - -
Change P <0.001 <0.001 <0.001 - - -
Low t -7.627 18.686 13.900 39.454 - -

Succession P <0.001 <0.001 <0.001 <0.001 - -
t

Medium -24.636 -2.525 -8.754 5.790 -19.443 -

Succession P <0.001 0.244 <0.001 <0.001 <0.001 -
High t 13.569 30.010 27.219 39.397 19.105 30.610
Succession P <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
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Figure 9. Distribution of elevation within ¢ hange class factored by fire exposure. In each canopy change
class, median elevation is higher in areas that were not exposed to fire.

Slope

Significant differences in slope distribution were observed among change classes. The highest
mean slope values were in the high mortality and high sucessia classes The lowest mean slope value was
in the no changecategory (Figure 10). As with elevation, the degree of change correlated positively with
slope. Changeclasses were pool@ by absolute value, and a Spearmanrank test was performed. A weak
correlation was found between slope and the degree of canopy change(r = 0.126, p < 0.001)
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Figure 10. Distribution of slope within ¢ hange class The colored curves behind each box plotshow a
probability density function of the values in each d istribution. Co rresponding t -tests can be seen in Table
4.,

The differences in slope distribution between change classesvere generally significant. The slope
distribution of at least one of the clange classes was significantly different from the remaining groups (One-
way ANOVA, F=213.69, df =6, p < 0.001). The result of the pairwisetests showed that, of the 20 possible
pairwise combinations, 17 had significant differences (Table 4).

In a majority of change classes (3 through 1), mean slope was lower in fire -exposed area than in non-
fire-exposed areas(Figure 11). The hypsometry of this watershed shows a positive correlation between
elevation and slope. Given that fires predominantly occurred at lower elevations, lower slope in fire -
exposed areas was g&pected. In medum and maximum successiodasses, fireexposed areas had slightly
higher mean slope than non-fire-exposed areas.Degree of canopy changeand slope were significantly
correlated in both fire -exposed cases (r = 0.244, p < 0.001), and ndine-exposed caseqr = 0.027, p < 0.001).

Table 4. Results of slope t-test between change classes. Significant values in boldSignificant differences
were seen in 18 out of 21 tests.

Change Class
High Medium Low No Low Medium
Mortality Mortality Mortality = Change  Succession Succession
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Medium t -8.609 - - - - .

Mortality p <0.001 - - - - -
Low t -8.727 1.097 - - - -
Mortality p <0.001 1.000 - - - -
No t -24.947 -14.348 -21.092 - - -
Change p <0.001 <0.001 <0.001 - - -
Low t -12.396 -2.926 -4.793 13.790 - -
Succession P <0.001 0.072 <0.001 <0.001 - -
Medium t -14.204 -6.250 -8.061 4.742 -4.204 -
Succession P <0.001 <0.001 <0.001 <0.001 <0.001 -
High t -0.064 4.710 4.350 11.106 6.297 8.120
Succession  p 1.000 <0.001 <0.001 <0.001 <0.001 <0.001
807 - No Fire
— Fire
601
Y
E‘ 40
5]
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0_

High Medium Low No Low Medium High
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Figure 11. Distribution of slope within ¢ hange class factored by fire exposure. Median slope was generally
higher in regions that were not exposed to fire.

Upslope Advane

Of the five closed canopy transects used to determine upslope elevationadvance, all occurred in areas
where Engelmann spruce was the dominant species in 2006. Ineach of these transects, mean elevation was
higher in 2006 than in 1914.The mean elevation of closed canopy forest in these unburned areasincreased
by 40.5 m over92 years, which translates to an annual increase of 0.44 m.
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Table 5. Differences in mean elevation, between 1914 and 2006, across transects of cells in unburned areas,
which represent the advanced of timberline, the lower boundary of ATE.

Numb er of Mean Elevation Number of Mean Elevation Elevation Difference

Transect Cells 1914 1914 (m a.s.l.) Cells 2006 2006 (m a.s.l.) (ma.s.l)
1 6 2046.0 8 2053.5 7.5
2 7 1894.6 9 1897.0 2.4
3 35 2002.9 28 2028.5 25.6
4 24 1945.1 24 2033.5 88.4
5 29 1876.1 31 1954.7 78.6
Mean 20.2 1952.9 20.0 19934 40.5

4. Discussion

Our study demonstrates an example of topographic patterns of postfire colonization that conforms to
the edaphic process model of postfire colonization, using direct quantitative observation with
monoplotting on repeat photography. In fir -spruce forests, postfire regrowth in high elevation regions, like
the ATE, likely has edaphic controls. As a result, colonization in xeric areas, like south-facing slopes, can
lag several decades or even centuries behind regrowth in mesic areas, like northfacing slopes. These
edaphic controls on colonization were generally suggested based on research using stand level age
reconstructions, but given the long gap in coloniza tion between mesic and xeric colonization, few direct
observations of this effect have been made in imagery. By increasing the temporal range of observation
using monoplotting on historic repeat photography, the topographic differences in postfire colonization
are now visible in imagery.

Aspect

Greater than expected proportions of succession occurred on N and NW aspects, while higher than
expected proportion of mortality occurred on S and SE aspects. Correlation between aspect and canopy
cover change was assaiated with fire -exposure, suggesting soil moisture stress levels may have been a
significant barrier to postfire recruitment.

It is known that seedling recruitment of subalpine fir and Engelmann spruce is inhibited on warm -
aspects in the ATE, primarily as a function of soil moisture stress caused by high temperature and solar
radiation [55]. This process has been demonstrated experimentally: heating experiments in trees at ATE
elevations show that moistu re limitation both inhibits conifer seedling recruitment [56] and reduces catbon
gain [57]. In a postfire environment, insolation would increase due to reduced interception and increased
gap fraction in the burned canopy. This increased insolation could have caused aspet specific mortality
on warm aspects in WCW, particularly the SW aspect. Postfire erosion may also contribute to mortality. A
study conducted in a watershed adjacent to WCW [58] found that total suspended sediment lev els were
eight times higher in fire -exposed areas, an effect that was exaggerated by steep terrain at high elevations.
High levels of erosion in fire -exposed, subalpine areas may suppress the moisture etention capacity of the
soil and exacerbate other obsacles to recruitment.
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On the north- and eastfacing slopes in the WCW, environmental factors may have mitigated saoil
moisture stress. Reduced energy inputs and wind exposure diminish the moisture losses to snowpack
sublimation, soil and vegetation evapot ranspiration. For example, it is known that end of winter mean
snowpack depth on north -facing slopes can be ~40% greater than soutifacing slopes in the southern
Canadian Rockies[59]. North -facing snow packs also perdst longer into the growing season, thus ensuring
melt water is available to support processes of germination and plant maintenance. Aspect specific patterns
of snow accumulation can affect the functional length of the growing season, in turn altering ATE position
[9]. Additionall y, aspect can predict postfire recruitment of subalpine fir [17], with cool, north -facing
aspects having rates of establishment twice as high as on soutkfacing aspects.It has beendemonstrated
that interactions among solar radiation (aspect), fire history, and elevation (in addition to anthropogenic
activity) predicted broad patterns of succession in a large region of the Rocky Mountains of southern
Alberta [47]; this included the encroachment on closed canopy forest on alpine meadow, or ATE advance.
Together, these findings suggest postfire cdonization is highly dependent on soil moisture, and t hat this
limitation is exacerbated at high elevations.

Aspect effects that are unrelated to fire disturbance have been reportedin a number of studies of ATE
dynamics [9,60-62]. However, the proposed mechanisms of these aspect efécts are often sitespecific, and
vary by study region. These include differences in lapse rates among aspects[61] and diurnal cycles of
cloud cover causing preferential aspects in equatorial rainforests [60].

The suggegion that soil moisture limitation, caused by warm and dry conditions, prevented postfire
recruitment is consistent with known climatic history of the region. Th e early 20th-century is noted as being
a historically warm period in the ea stern slopes of the Canadian Rockies, with dendroclimatic records
showing the periods from 1917-1936 and 19391958 as having the highest temperature anomalies since the
1400s[63]. In fact, one of these reconstructions listed1936, the year of the Pass Creek fire in WCW, as the
second warmest year in the ~1000 year recod [63]. This observation suggests the possiblity that
abnormally high atmospheric temperatures may have a two -fold effect on subalpine forests, first causing
the desiccated conditions required for a burn at high elevation, then limiting expected regrowth.

Elevation

High degree change was almost enirely restricted to elevations greater than 1800 m, which coincide
with the lower extent of ATE. This finding is consistent with the expectation that, as a trans itional boundary
that occurs as a function of elevation, canopy cover at ATE would be subject to a high level of variability
[13,64,65] Fire-exposed areas had lower mean elevatiors in all change classes, but the majority of canopy
cover change was seen in these areas. Elevations greatehan 1800 m accounted for a proportionally small
region of fire -exposed areas, and yet the highest degree of change was seen at those elevationsh@& positive
correlation between change degree and elevation is maintained in fire exposed areas suggesting that
postfire mortality and re -establishment are potentially affected by factors that covary with elevation.

In the Canadian Rockies, there is evidence of both upslope advance anddownslope recession of ATE
elevation over the past 300 years.Our estimate of ATE advance in areas undisturbed by fire is consistent
with other observations in the region ; reported a subalpine fir advance rate of 0.280.62m yr-talong an
upslope transect [36].

Slope

Treelines in high slope areas are known to be subject to mechanical disturbances by avalanchefl1,66],
or enhanced soil erosion following disturbance [17,67] which introduces the prospect that treelines in
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WCW may be orographically regulated [6]. Cyclical patterns of disturbance and regrowth may expla in the
high degree of both mortality and succession seen in high slope areas. However, in a nearby site in Glacier
National Park (GNP), avalanche-regulated treelines were stable over a >70 year repeat photograph record,
showing no cycle of disturbance and advance [40]. If the observed slope pattern in WCW is a result of
cyclical processes, then this discrepancy between WCW and GNP warrants further investigation.

The slope of fire-exposed areas was generally lower than nonfire-exposed areas. High tarain slopes
can accelerate the spread of fire[68], but this effect was outweighed by the extent of the WCW fire that
occurred on the low slopes of the valley bott om. In two cases, mediumand high successionlasses, slopes
were greater in fire -exposed areas than in nonfire -exposed areas which agrees with research showing that
slope was one of the factors that predicted re-establishment of subalpine fir following disturbance by fire
[17]. In that study, 75% of establishment occurred on slopes with angles between 4060°. The authors
reasoned that this intermediate slope range was steep enough to avoid competition by shrubs during re -
establishment, but shallow enough to avoid frequent disturbance by rockslide and avalanche. That
explanation is inconsistent with the present finding, as areas with slopes above 30° saw a high proportion
of both mortality and succession.

5. Conclusions

The WSL-MT monoplotting technique provided the ability to perform quantitative spatial analysis of
mountain landcover change on oblique, historic repeat photography from the MLP. Canopy cover
estimates from these images agree with canopycover measurements using airborne lidar [49]. The method
provides the abilit y to observe ATE at a spatial resolution and temporal extent which is sufficient to identify
topographic correlation to change, which is an important step in understanding interacti ons between
modulating factors. The MLP dataset is ideal for multi -scale investigation of change in the ATE; the spatial
extent of MLP photographs ranges from individual meadows ( ~100 m), to valleys ( ~10 km), at sites which
can be several hundred kilometers apart [47].

In ATE in the WCW, patterns of postfire colonization related to edaphic controls have hindered
regrowth and locally suppressed ATE on south -facing aspects, while considerable postfire colonization
was seen on north-facing aspects. This observation appears to directly support hypothesis of edaphic
controls on colonization postfire. While fire is not a direct control on ATE position, it is in this case a
modulating factor, and actsto locally suppress ATE below the thermal limits. While much has been learned
about these edaphic controls using stand reconstructions, these can be limited in their understanding of
microsite-processes and larger regional trends. Repeat photography povi des the opportunity to observe
the patterns at a high spatial resolution, over broad regions and diverse landscapes. Future research would
benefit from investigating the interactions between fire, moisture limitation, and other modulating factors,
using the multi -scale approach to understanding ATE dynamics [4,5].

In unburned areas on north -facing slopes, where moisture is not limiting, the ATE has systematically
advanced. These observations of successful regeneration and ATE advance are consistent with increasing
alpine isotherms and energy availabili ty, as are expected under many climatic change scenarios, provided
sufficient moisture or nutrient availability. More research is needed to further refine these hypotheses,
particularly with respect to snowpack quantities and persistence at and above ATE.

Supplementary Materials: Data for the analysis presented in this research are maintained in the following repository:
https://osf.io/ha579/?view_only=9cdda5a7fd47413386851fc91bal282b. The WSL Monoplotting software is available
free of charge (https://www.w sl.ch/en/services-and-products/software -websites-and-apps/monoplotting -tool.html).
Historic and repeat photography from the mountain legacy project are open (http://mountainlegacy.ca). Spot 6 imagery
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is commercially available (https://www.intelligence -airbusds.com/en/8693spot-67). The Alberta Vegetation Inventory
are Fire Disturbance layers are open, by request (https://www.alberta.ca/forest-and-vegetation-inventories -data.aspx).
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Abstract

Historic changes irAlpine TreelineEcotone were modeled using 17 topographic,
climatic, and disturbance variables in a random forest modeborhe lidar and oblique historic
repeat photographyere usedo identify changes canopy cover in the West Castle Wateed
(WCW), Alberta Canada (49.3° N, 114.4° W) random forest model was trained €86% of
the watershed which was observable in oblique imagleey used for a spatial extension to
predict change classes in tineolserved regions of the watershé&lerall accuracy compared to
the training data was significant (0.84, n = 89,449,00001), and kappshowed moderate
agreement at 05 Ranked variable importance demonstrated that elevation and solar radiation
werestrang predictors of ATE change.

Introduction

In the alpindreeline ecotone (ATE) tree growth is limited at high elevations by low air
temperatur€éKorner & Paulsen 2004Heterogenous tree cover in the ATE is generally
attributed to patterns of climate, topography, and response to distu{Banies et al. 2007;
Holtmeier & Broll 2005; Weiss et al. 201%)ut it is understood that the absolute limit to tree
growth at the upper boundary of KTis thermalKorner 1998) Increases in atmospheric
temperature are expecteder the 21stcentury, and the effects of warming on mountain
ecosystems may be amplified by elevatt@pendent process@epin et al. 2015)The potential
for atmospheric warming to increase the elevation of treelines globally has be¢teraah
debatgGrace etl. 2002; Harsch et al. 200990me models predict a linear increase in the
elevation of ATE, correlating to increases in atmospheric tempef(&chevorer et al. 2014)
Other models suggest that ATE elevatwill remain stati¢Paulsen & Kérner 2014pr that
advance may bkémited by geomorphic barrie(MaciasFauria & Johnson 2013Yltimately,
the ability to predict what effect, if any, a warming climate will have on ATE position will rely
on the accuracy of models of ATE dynamics.

Most models of change in the ATE are generated by using recent climate history and
local topography to explaiimé pesent location of ATE, then extrapolating future ATE limits
under anticipated climate warming scena(i®ader et al. 2008; Macigsauria & Johnson 2013;
Paulsen & Kdrner 2014 Alternatively, ATE dyamics carbe understood by observing
historical change and associating advance or recession with the climatic and topographic
conditions under which the change occur(@eng et al. 2015; Elliott 2012; Greenwood et al.
2014;Leonelli et al. 2016; Liang et al. 2016; Lloyd & Graumlich 1997; Yadava et al. 2017)

This studyfalls into the latter category, addibgthe body of research that attempts to
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understand ATE dynamics through modeling historic change. It adapts a phgpuaiished
model of ATE change in the Canadian RocKMaciasFauria &Jomson 2013)and trains that
model on historic changes in ATE canopy obseng&dg airborne lidar and repeat photography
McCaffrey (2018)

Literature Review

There are several methods of observing historic change in the ATEgfeabich has
limits on the spatial and temporal resolut{@anby 2011)The oldest records of ATE dynamics
are generally from temperate regs, and show correlations between climate and ATE position
throughout the Hocene (Heiri etal. 2006; Lloyd & Graumlich 1997; Schworer et al. 2017;
Schworer et al. 2014pchworer et al. (201 0sedpaleobotanical records to show that in the
Canadian Cordillerahe position of subalpine firAbies lasiocarppand Engelmann spruce
(Picea engelmenrjiwas primarily correlated to summer temperature throughout the Holocene.
In that research, study sitdil not have concurrent ATE advance in response to increases in
atmospheric temperature, suggesting local variations in topography or geomorphology may have
modified ATE position.

Dendrochronological records have been used to estimate the relativedffects
temperature and moisture availability on ATE position, witllence from the Sierra Nevadas
indicating treeline elevation decreasing during periods of extended drought350®P(Lloyd
& Graumlich 1997) Thesdanferences about ATE position in previous millennia often thek
gpatial resolution to determine sipecific impacts of climate and topography. One exception is
found inSchweorer et al. (2014yvho developed a dynamic vegetation model of climatic and
topographic conditions surrounding a lake in the Swiss Alps, at a resolution of 25 x 25 m,
adjusting model parameters until conditions at 9800 BP were simulated; results suggested dry
conditionswith increased seasonality. But while paleobotanical and deimarmlogical records
provide excellent temporal range, other methods must be used to provide the spatial resolution
needed to model the specific effects of topography on ATE position.

Records of ATE dynamics in the 2@entury are abundant and typicatiyllected using
remote sensing, dendrochronology, or kiagn plots(Harsch et al. 2009)n a metaanalysis
Harsch et al. (20093 entified 103 publications which describe long term records of treeline
postion (both ATE and latitudinal treeline) at 166 sites around the world, betweer20980
Approximately 52% of these sites saw some form of treeline advance, and the only te® studi
that reported treeline recession were associated with disturbaimees. regression with climate
records revealed that many of these increases were associated with increases in atmospheric
temperature. This finding is in line with mu#icale modelshiat have emphasized the primacy of
temperature in determining ATE pben at a coarse scale (latitudinal or continental), while
demonstrating local variation that is often topographically med{&@asde & Buckley 2015;

Paulsen & Kdrner 2014; Weiss et al. 2Q15)

When topographiactors are considered, variables like slope, curvature, or compound
topographic index have all been cited as factors regulating landscalgeATE positior{Bader
& Ruijten 2008; Case & Buckley 2015; Macikauria& Johnson 2013)Topographic variables
mayinfluence mechanical disturbance (rockslide and avalanche), moisture accumulation,
microsite formation, pedogenesis, erosion, and geomorphic conditions, all of which have the
potential to affect the position &TE.
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Among topographic variables, aspecsti©ngly associated with heterogeneity in treeline
landscapegBader & Ruijten 2008; Dang et al. 2015; Elliott & Cowell 2015; Greenwood et al.
2014) ATE advance can oar preferentially on one aspect in a landscape, with gseg
mechanisms of this effect varying by locati@ang et al. (2015pund that in the Chinese
Qinling Mountains, ATE advance occudrpredominantly on nortiacing slopes. This is
surprising considering that northern slopes of the region are cdaderg et al. (2015)ote that
a warming trend in lapse rates has been shiowncur at a faster rate on northern slopes,
suggestinghe aspect effect is a result of air mass movement. In a model of ATE in the
Ecuadorian Ande®ader and Ruijten (2008pund that treeline was higher on western slopes.
They hypothesized this was a result of dalcycles of cloud cover in the rainforest; clear
mornings led to excess insolation on eastern slopes, resulting in drying or photoinhibition. In
dendrochronological records of treeline advance along a 1,000 km latitudinal transect of the
American RockiesElliott and Cowell(2015)showed that pulses of treeline advance were more
pronounced on northern aspects than on southern aspects during periods of drought. While this
may seem paradoxical, it must be considéhedidrought in this context does not mean a
reduction insummer precipitation, but rather a reduction in snow accumulation and a subsequent
lengthening of the growing season. While not all research demonstrates an aspect effect on ATE
dynamicg(Leonelli et al 2016), it is evident that ecologically relevant varieblthat are affected
by aspect can cause asymmetric treeline change, and that the nature of this aspect effect is site
specific.

Heterogeneity in the ATE may also be impacted as a result of $twatiince. Fire return
intervals in the Rockies have vatiby aspect throughout the Holocene, with sdatiing
aspects seeing more frequent fifgiistaphi et al. 2013Rogeau and Armstrgn(2017)show
that soutkfacingaspects in the front ranges of the Canadian Rockies are more than twice as
likely to burn as norttiacing aspects. Aspect may not only impact fire frequency in the ATE, but
also posffire patterns of reestablishment anehortality in the ATEIn a study ge on Mount
Rainier, WashingtorStueve et al. (2009)sed aerial imagery from the period 1203 to
analyze topographic effects on ATE advance following a fire that occurred in 1930. They found
thattree estalishment rates were twice as high on neféiting aspects than on softiting
aspects. These findings introduce the possibility that the underlying climatic and topographic
variables which lead to low fire return interval on southern aspectbenegrreléed,and
potentially causally related, to environmental variables which influence ATE position.

The aspect effect describedStueve et al. (200%upports similar observations made in
the West Castle WatersheCW), in the Canadian RockigMcCaffrey 2018) using an
obliquerepeatphaography analysig assesATE change between 1914 and 2006. AStueve
et al. (2009)the region experienced wildfires in 1B3Distinct topographic patterns ofT&
change were observed, and differencesrga when these patterns were factored by exposure
to fire. High rates of mortality (i.e. downslope ATE recession) were @esouthfacingslopes
that had been exposed to fire between observation periods-fidoirly aspects experienced
high rates of sccession (i.e. upslope ATE advance). These observations led to questions about
the interaction between fire exposure, aspect, and ATE position. The research highlighted the
need to better understand the effedioplographic and climatic variables on pbse tree
establishment in the ATEBMcCaffrey, 2018; McCaffrey and Hopkinson, submitted)
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Objectives

The primary objective of this study to develop a model of historic canopy cover change
in the WCWthat builds on and gap fills remote sensbaged obenations To do so, thistudy
adapts a modeling technique fomaciasFauria and Johnson (2018hich uses proxy values
for climatic, topographic, and disturbance variables to predict changasapy cover. The
accuracy of these predictions is tested using the methdd@ésFauria and Johnson (2013)

The secondary object of thssudyis to test the findingMaciasFauria and Johnson
(2013)with respect to the ranked impanc of the climatic, topographic, and disturbance
variables in their ability to explain ATE dynamics in the Canadian Rockies. Usingdel mo
trained on contemporary ATE positidlaciasFauria and Jatson (2013suggested that ATE
advance would primarily be obstructed by geologic barriers under future warmirgissdhis
important to test these assumptions using historical observations of ATE dynamics, such as those
from WCW.

The final objectve of thisstudyis to explore the potential for ranked variable
importance to disentangle the climatic and topog@fastors leading to the apparent interaction
between fireexposure and aspect, describe&ineve et al. (2008ndMcCaffrey (2018) To
that end, the modeling proceduse@epeated in separate analysis which are restricted to areas
below ATE, and areas at and abovEEARanked variable importance is compared between
these areas, to determine if the processes driving change in the ATE are distinct from those
driving change lower elevations.

Methods
Study Area and Data

This research was conducted using a land rcohange dataset from the WCW, described
in McCaffrey (2A.8). Located in the Canadian Rockigsgure 1) the WCW is ~103 kiin
area, with elevation ranging from 14@600 m. ATE occurs between ~182800 m a.s.l.iad is
dominated by subalpine fir and Engelmann spruce.

The land cover change dataset was geedtsing fractional cover estimates from repeat
oblique photographgMcCaffrey & Hopkinson 2017)The regatphotographs, provided by the
Mountain Legacy Projecfrantet al. 2015)contain pairs of photographs from a 1914 survey of
the Canadian Rockies and repeat photographs from 2006. With the aid ofradulyition DEM
and monoplotting software, spatiafonmation was extracted from the oblique photographs and
projected to an orthogonal vie@ifferences between the 1914 and 2006 land cover were
catalogedfor details,see(McCaffrey 2018; McCaffrey & Hopkinson 2017; submitte@ipe
reailt was adataset which classified change into one of sevegoaes: high, medium, and low
mortality, high, medium, and low succession, and no chdfigarg 2).A total of 89,440 grid
cells were classified, 20 x 20 m each, representing ~36% of the WCW area.

Random Forest

Random forest is a classification andaeling algorithm that uses bootstrapped decision
trees based on random samples of multivariate(@a&man 2001) The technique provides
strong predictive capability, while also demonstrating the ability to rank the relative importance
of classification variables in ecologically relevant wg@utler et al. 2007)Randan forest
analysis was used to investigate variabilitiNothofagudreeline in New ZealanfCase &
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Buckley 2015) The analysis used 17 togrgphic and climatic variables, showing that in
addition to the expected effects of pretdatipn and moisture gradients, regional differences in
topo-climate were able to explain up to half of the variance in treeline position.

Random forest has alsodrewsed to predict the response of ATE to climate change in the
Canadian Rockie@MaciasFauria & Johnson 2013pimilar toCase and Buckley (201,5his
work used variable importance ranking to uistkd the relative influence of climate,
topography, and geology/geomorphology on conteargoATE position. When historic climate
values were substituted with warming projections, geologic and geomorphic barriers to upslope
tree establishment became amgmd with ATE advance largely restricted to gentle, colluvium
mantled slopes.

The randomdrest model presented MaciasFauria and Johnson (203@edicts ATE
change in the Kananaskis Valley, a site that shares many characteristics with the WCW,
including similar elevation range, climate, area, species mixtogodraphy. As such, the
present work attempted to closely replicate the climate and tplogproxy variables used by
MaciasFauria and Johnson (2013)nd also adopted their modeling procedure. If upslope ATE
advance is limited primarily by geology, any advances observed over'thee@tury in WCW
may have akad/ hit geologic barriers. In this case, geology would have high variable
importance rankn the present study, as it didMaciasFauria and Johnson@23). Similarly, if
historic upslope advance were restricted to colluviunMasiasFauria and Johnson (2013)
predict future upslope advance will be, then the importance of surficial geology will rank high in
the model.

To date, no known studies have used random forest for classification of historical change
in the ATE.

Topographic Variables

Five topographic variables were used to investigate potential correlations in ATE change:
elevation, slope, aspect, curvatured aampound topographic indeX &ble 1. All topographic
variables were calculated using anldigital elevation model (DEM), generated from airborne
lidar flown on October 18, 2014. Topographic conditions in 2014 are an accurate representation
of conditiors in 2006, as there were no notable geomorphic disturbances (landslides, etc.) in the
intervening period.

Elevation was gridded at 1 m resolution, then aggregated to match the 20 m land cover
change dataset, using mean values. Slope values were calongted. m DEM using the
slopefunction in ArcGIS 10.3Esri 2014) then aggregated to 20 m resolution, again using mean
values. The 1 m DEM is expected to prodgeater estimations of slope, compared to slopes
calaulated on the 20 m, aggregated DiElenzle 2004) Aspect was calculated on the 20 m
grid, as averaging azimuth values in an aggregation processawelgd to errors. Aspect was
classified into nine cag@rical values, based on 45° bins, eight for the intercardinal direchbns (
= 337.522.5°, NE = 22.567.5°, E = 67.8112.5°, SE = 112:857.5°, S = 157202.5°, SW =
202.5247.5°, W = 247.8292.5°,NW =292.5373.5°) and one for flat surfaces withoutpso

Curvature refers to the convexity or concavity of a DEM grid cell, in relation to
neighboring cells. It is calculated by fitting a fourth order polynomial to the 3 x 3 window around
a DEM grid cdl; positive values indicate convexity and negative galtepresent concavity
(Zevenbergen & Thorne 198 urvature was calculated on the 20 m DEM, usingtinesture
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function in ArcGIS 10.3. This function calcudststandard curvature, which combines both
profile and plan curvature.

Compound topographic index (CTI), is an index of the ratio of upstream area to slope
(Beven & Kirkby 1979) In ATE research, CTI has been used as aypiar both cold air pooling
(Case & Duncan 2014nd soil acconulation(Schworer et al. 2014 TI is measured using the
formula:

CTl=In (A/tanb) ()

WhereA is the contributing upslope area, @nig the sbpe in degrees. These variables
were calculated in ArcGIS 10.3, using ftav directionandflow accumulatiorfunctions forA,
theslopefunction forb .

Geologic Variables

It has been demonstrated that soil properties, surficial geology, bedreclatyp
mountain architecture all have a significant effect on the position of (A&gre et al. 2007,
MaciasFauria & Johnson 2013J o account for potential geologic barriers to changhe
ATE, two geologic vaables were included in this model: surficial geology and bedrock type.
For surficial geology, areas of bedrock, colluvial deposits, fluvial deposits, dlacial
deposits, and moraine were categorized using data from theaABeological SurvefFenton
et al. 2013)For bedrock types, nine geologic formations in the WCW were identified using the
Lexicon of Canadian Stratigrapli@lass 1990and digitized from a historic geologic map of the
region(Geological Survey of Canada & Price 1961)

Climatic Variables

Seven climatic variables were used to model change: precipitation (annual and JJA),
temperature (annual andA), solar radiation (anntand JJA), and potential evapotranspiration.
Given the geographic similarity in the research areas, this study followed the metMatsasf
Fauria and Johnson (201i8)develop precipitation and temperature model inputs. In alpine
areas, steep gradients in temperature and precipitatoraused by lapse ratediich generally
result in cooler temperatures and increased precipitation with increased elevation. To create
proxy values that spatially distribute the anticipated effect of lapse kédesgsFauria and
Johnson (2013 dapted a method froRandin et al. (2009)1) historic normal values (3@ear)
for temperature andrecipitation were collected from three meteorological stations, within 32
km of their study site in the Canadian Rockies; 2) using locally observed temperature and
precipitation enhancement ra{&ullen & Marshall 2011)monthly averages were normalized to
sealevel (i.e. the residual if elevation is equal to 0), 3) residual temperature and precipitation
val ues wer e i 4hetveerlpdo,| autsei dncgwaghtingdds\dad) using a DEMnN
of the study area and the definition of the linear regression of lapse rate, temperature and
precipitation values were calculated for each grid cell according to elevation, then adjusted by
either adding or subtractingehvdue from the interpolated residual surface.

One issue with thRandin et al. (2009nethod used biMaciasFauria and Johnson
(2013)is that the lapse rates debed byCullen and Marshll (2011)were from observations
made between 2068009.MaciasFauria and Johnson (201&8)plied these to climate records
for a period between 1972000. Given that the present study seeks to identify climatiables
associated with historic change in the ATE, a longer observation period was required (1914
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2006). Five Environment Canada meteorological stations were identified within 20 km of the
WCW (West Castle, Spionkop Creek, Gardiner Creek, Castle, andr@akobo). While these

stations provided adequate elevation range to calculate lapse ratesygbeteoverage did not

extend earlier than 1958. The search radius was extended to 50 km, and stations with the longest
temporal coverage were selectivelydad.These historic records came from three nearby towns
(Coleman, Beavers Mines, and Pincher €réewn). The addition of the towns provided

adequate temporal coverage, but they were located at low elevations compared to the study site.
Using monthly meatemperature and monthly precipitation totals, annual and summer (JJA)
averages for temperaturedaprecipitation were calculated.

If a record did not contain all 12 months in a calendar year, that year was omitted from
annual average calculation. Similgrif a record did not contain all three summer months (June,
July, and August), the year was omit from summer average calculation. Sporadic temporal
coverage caused the Carbondale Lo site to be omitted entirely, leaving seven meteorological
stations, smmaized inFigure 2, Figure 3, Table 2.

Following theRandin et al. (2009nethod, data from the sevareteorological stations
were used to regress a line between elevation and either temperature or precipitation. In all cases,
elevation was significantly collieged to average annual and summer values for temperature and
precipitation Table 3) The lapseates for both annual and JJA temperature wefgC / 1 km,
andwere comparable to regional values reporte@utien and Marshall (2011}4.2°C and
5.0°C respectively).

Solar radiation was calculated in ArcGIS 10.3 usingatiea solar radiatiortool on the
20 m DEM. Solar radiation was modeled atrBidiute intervals, with all monthly totals summed
for an estimate of annual insolation, and JJAIscdammed for summer insolation.

Potential evapotranspiration (PET) values were modeled using the metBadiofet al.

(2005) which gives compable results to Penmdvionteith calculations in rainfalunoff

models, but can be implemented when values for wind speed and humidity are unreliable. This
methal of PET calculation was based on the modeldenofsen and Haig&963) and

McGuinness and Bordne (197®hich use the general form:

0O —— QO 0 n (2)
0O m EB/NI VA Q

wherePE is the rate of potential evapotranspiration (mm dgyReis extraterrestrial solar
rad|at|on(MJn‘?-day1) > is latenkghheat ifsl the(dehS5iMy of
3), Tais the mean daily air temperature (°C). The fixed parametef¥X and k (°C) scale the
importance ofla, and set a threshold at whiPlE = 0. Oudin et al. (2005¢mpirically
determined 100 and 5 to be the optimal values farid Ko, which are the values used in this
study. Average summer potential eganspiration values were modeleddajculating average
daily JJA solar radiation (total JJA solar radiation in Wh/dtivided by number of days in
summer, converted to MJfday?) for R, and using the average JJA temperatures (calculated
from the peviously described lapse rate analy$is Ta.

Disturbance Variables
Two disturbance types were accounted for in the model: wildfire and anthropogenic
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disturbance.

Two wildfires affected the WCW in the period between the 1914 and 2006 oblique
photogrghs which were used to generate the change dataset. The Pass Creek Fire of 1936
mainly affected the northern extent of the WCW, covering 45.2% of the area of the a@tdérsh
smaller fire occurred in 1934 and was restricted to the southeshslope, coveng only 1.5%
of the watershed. Fire extents were delineated using historic descriptions, and aerial imagery
from 1949 where the remnant fire scars were still vigW¥ddfire Management Branch
Alberta Agriculture and Forestry 2017)

Finally, areas of WCW featuring anthropogenic disturbance between observations were
idenified and omitted. The Alberta Vegetation Inventoiberta Environment and Parks 2012)
was used to aggregate disturbances includingdooih well pads, historical forestry ecbtocks,

a small ski resort (Castle Mountaiaynd roads. These features were excluded from model
training, and were not included in the extent of the model prediction.
Model Execution

The topographic, geomorphidjmatic, and disturbance variables listedretble 4were
used as model inputs for skification of land cover change in R v3.#8Core Team 2017)
using therandomForestpackaggLiaw & Wiener 2002) A correlation matrix for the continuous
varibles was generated using tw@rplot packaggWei & Simko 2016) and groups of
variables that were highly correlated (|r] > 0.60) were reduced to a single, representative variable.

Canopy cover chage in unobserved areas was predicted using the metibalctds-

Fauria and Johnson (2013)he model was run 11 times, each time with a randonplsaoih

50% of the training data used as input variables. After each model run, the results using that
specific sample of training data were used to generate a preditteomd cover change for the

whole extent of WCW, including the area of the waterghatiwas not observed in the initial
oblique photography (note: anthropogenic disturbance areas were omitted from both training and
prediction datasets, as they are suteof processes independent of historical ATE change). An
odd number of model runs waised, so that once 11 predictive surfaces had been generated, the
median value for each grid cell could be joined to make a final prediction (fsteiasFauria

& Johnson 2013)Model accuracy was assessed by clipping the extent oiheng data from

the prediction raster, and comparing against the observed land bangredn a confusion

matrix, using thearetpackaggWilliams et al. 2017)Additionally, the ouof-bag assessamt

of error (overall accuracy when the 50% random sample is trained to predict tieingns0%

of the data) was recorded for each of the 11 runs.

Variable importance was compared by cataloging the mean decrease in Gini coefficient
(MDG) for each variale, in each model run, and taking the mean MDG value among the 11 runs
as the final MDGor each variable. Ranked variable importance is compared to the results of
MaciasFauria and Johnson (2013)

Finally, in an attempt to disentangle the climatic and topographic factors leading to the
apparent interaction betweére-exposure and aspect in the ATE, a second analysis compared
variable importance Ih@een the ATE and lower elevations. The training dataset was split in
two; areas where elevation > 1800 m, which include ATE and alpine areas, are referred to as
high elevation and areas < 1800 m are referred taselevation. The value of 1800 m was
selected as a break point, as it fell approximately between the median elevation of the training
data (1742 m) and the median elevation for the extent of WCW (1838 mpré&hious analyses
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were repeated with 11 model runs, confusion matrix accuracy agsgsamd ranking of
variable importance using MDG.

Results

When the random forest model input variables were arranged in a correlation matrix,
three groups dhighly correlated continuous variables were identifieidre 7,Table 4) In the
first groyp, annual precipitation, annual temperature, summer precipitation, summer temperature,
and elevation were found to be highly correlated (Jr| ='0.BB0). Theseorrelations reflected
the results oMaciasFauria and Johnsd2013) which also failed to prevent autorrelation in
the proxy variables developedng the method oRandin et al. (2009)n the second group,
annual solar radiation, summer potential evapotranspiration, and summer solar radiation were
found to be higly correlated (Jr| = 0.860.96). In the third group, summer potential
evapotranspiration anslope were found to be highly correlated (Jr| = 0.65). Following the
method ofMaciasFauria and Johnson (201 8ne variable was selected from each of the highly
correlated groups (elevation, summer solar radiationskpe), with the other variables
omitted.

Using the remaining nine variabldsdure §, the median prediction raster was compared
to the training data. Overall accuracy was significant (0.840, n = 89,440, p < 0.001), and kappa
showed modeta agreement at 0.577. The training data had high representatiomofc¢hange
cover classwhich is evident from the high sensitivity valuenaf changecompared to other
variables. Conversely, specificity was much lowemorchangehan for the othechange
variables. To understand the effect of the lalgehangesample on measures of acacy,
sensitivity, and specificity, a second confusion matrix was constructeshavithangevalues
omitted. Sensitivity increased, and specificity remained l@gltof-bag estimates of error
showed 75.8% overall accuracy when training on a 50% randmplesaf the data, 11 times.

Prediction of canopy change class in unobserved areas was generated using the full
training sample aredigure 8) While this spatiaéxtension was not validated, the -@itbag
estimate of error from the model training (i7®.8%) provides the best assessment of model
predictive accuracy on naive data.

Variable ranking showed that elevation had the highest MDG, followed by the other
continuous variables (summer solar radiation, slope, CTI, and curvdtige)g 9, Table 6)The
lowest MDG was seen in the categorical variables (bedrock geology, aspect, surficial geology,
and fire exposure).

The second analysis, based on elevagartition, showed thdiigh elevatiorareas
resulted in model accuracy of 0.761, n = 38,01 < 0.001, and kappa = 0.4%@w elevation
areas had model accuracy of 0.826, n = 51,426, p < 0.001, and kappa = 0.300. Order of variable
importance was gendhaconsistent across both conditions, with summer solar radiation and
slope having high MD@Figure 9, Table 7)The categorical variables remained below the
continuous variables in order importance. The largest difference in MDG betwedeglthe
elevatian andlow elevatiortraining samples was observed in the fire exposure variable.

Discussion
Accuracy
The random forest model demonstrated the ability to predict historic change in the WCW,
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based on proxies of climatic, topographic, geologic, and disturbance variables. However, the
large sample of areas without land cover change over tje@®bservatio period introduced
uncertainty in accuracy assessment. The high level of sensitivity footbleangeclass (0.998)
compared to the other change classes (8039d@8) indicated that the accuracy predictions were
potentially a function of theatge sampl@nproving the probability of a correct classification.
Sensitivity of change class identification increases when the potential for confusiarowith
changeclass is removed (0.748943), suggesting that future attempts to model ATE change
with this metha might benefit from using a training dataset with a large sample of ATE
variability.

Accuracy of thehigh elevatiormodel was lower than accuracy of ther elevation
model, which was potentially a result in the discrepancy in the size tvathimg dataset (high
elevation n = 38,014, low elevation n = 51,426). Canopy cover chaty& glevationdata was
generally more homogenous, and experienced less change ovetyems @bservation period.
Thus, with less variability in change classtbe modeprovided more accurate classification at
lower elevations. The low kappa value of i elevatiorarea (0.30) compared to thegh
elevationarea (0.49) supports this reasoning.

The reported accuracies are only valid for the area of ovieefapeen tk training data
and the prediction area, and do not reflect the accuracy of the spatial extension of the model
outside of the training area. The best estimate of spatial extension accuracy come from the out
of-bag estimate of error, which showederall acuracy to be 75.8%.

Elevation, Air Temperature, and Precipitation

Given that ATE is recognized as being a function of lower temperatures at high elevation,
it is unsurprising that elevation ranked as the most important variable by MDG inthey f
supports the work ilMcCaffrey (2018) which shoved that thelegree of both mortality and
succession in the ATE was positively correlated to elevation; stated differently, changes in
mortality and succession were more exaggerated at higher elevatien@ding is also
consistent with a centwgcale dservatiorbased model demonstrating a high degree of meadow
to forest succession at high elevation in the re¢®iackdée et al. 209).

One of the objectives of this research was to disentangle the relative importance of
temperature and precipitation on tree establishment following fire disturbance, in an effort to
explain observed patterns of mortality on neehd saith-facingaspectsThe method that was
used to generate proxy values for the effect of lapse rates on temperature and precipitation
(Randin et al. 2009}id not adequately distinguish between the effect of elevation on
temperature and precipitation. The method used IDW topolate the residual values at each
meteorological station across the study area, but did not provide sufficient resolutiondmlbutw
the impact of elevation in each calculation. The impact of the interpolated residual surfaces was
small enough that sunentemperature and precipitation values were correlated to elevation at
= 1.0, as they were both primarily functions of elevation

The results call into question whether the methodladiasFauria and Johnson (2013)
accurately distinguished between climatic and geologic factors in determining upslope treeline
advance. As in the present stugciasFauria and Johnso2@13)were not able to separate
elevation, air temperature, and precipitation using the methRdrmdin et al. (2009)This is not
insignificant, as the general finding of their research was that upslope treeline advance will be
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limited by a lack of adequate @egic and geomorphic conditions at high elevations.

The inability to distinguish between the effects of lapse rate on tempeeeatd
precipitation underscores the need for improved understanding of locatsoadewariations
climate, and their relainship to elevation. Until modeled variables have the resolution required
for this analysis, an understanding of the relative mgmee of air temperature versus
precipitation on ATE dynamics can be gained through experiment&timppers et al. (2017)
used experimental heating and watering across an elevation transect to study the effect of
changing air temperature and precipitation regimes on tree establishment in the ATE. Heating
limited the establigment of Ehgelmann spruce at elevations above treeline, but this effect was
mitigated with watering. This finding suggests that precipitation or moisture provided through
accumulated snow could be essential for upslope treeline advance to results frasesore
atmospheric temperature.

Solar Radiation, PET, and Aspect

Solar radiation also had high variable importance, as ranked by MDG. Previous models
have demonstrated that solar radiation can explain variability of ATE at multiple spatial scales
(Case & Duncan 2014and that this effect was independent of tHil@mce @ insolation on soil
moisture availability. Unfortunately, insolation and moisture availability could not be directly
compared in the present model, as@ugin et al. (2005¢quation to calculate PET used solar
radiation as a parameter, causing a high degree of correlation. Given the a prior expectation that
these variables would be highly correlated, it is surprising they were ustatiasFauria and
Johnson (2013)

In previous researgMcCaffrey 2018) a strong aspect effect was observed, where the
majority of mortality ®en over the observation period occurred on stadimg, fireexposed
slopes. One of the expectations of this model would be that aspect would have a high MDG
ranking, but paradoxiclgi, aspect ranked low. It is worth considering that this result may be a
function of the way in which random forest handles continuous versus categorical variables.
Strobl et al. (20063howed that the classification and regression tree algo(Bin@man et al.
1984)used in random forest is biased such that continuous variables rank higher in importance
than categorical variables. Additionally, categorical variables witteater number of classes
are biased towards higher variable importance rank. Indeed, when looking at variable importance
rank in the present study, they are perfectly sorted, firsbhtinuous variable, then in order of
the number of classes in the catagal variablesMaciasFauria and Johnson (201t8¢ated
aspect as a categorical variable, also finding that it ranked low in variable importance; aspect was
treated as a categorical variable in the prestenly, in order to maintain compaon between
the studies.

Slope, CTlI, and Curvature

The topographic v@ables of slope, CTI, and curvature were midway in rankings of
importance. Slope has been shown to affect ATE through mechanical disturbance, with many
treelines in Montana regulatég rockslide and avalanciiButler & Walsh 1994; Walsh &
Butler 1997; Walsh et al. 1994)/CW has numerous ates where ATE appears to be
suppressed, potentially by avalanche, but the episodic nature of these events may not have been
captured in the two observations, separated by 8&syerevious research indicated that the high
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mortality class had significapthigher slope than other change classes, suggesting that mortality
may have been the result of avalanche. It is conceivable that in specific circumstances, the effect
of slopemight outweigh that of elevation and aspect, but if this were broadly théhessslope
would have had higher predictive value in the model.

CTI has been used in ATE research as a proxy for cepbaiing (CAP)(Case &
Duncan 2014)where radiative transfer and advection reduce air temperatures at grounel. surfac
CAP is known to occur in the Rocky Mountaffiolden et al2011) which implies several
possibilities: 1) CAP is occurring, and affecting ATE position, but CTI is not acting as a proxy
for CAP, 2) CAP is occurring, and is correlhte CTI, but the effect is not dominant over other
temperature mediators likeesiation and insolation, 3) CAP is not occurring in the WCW. The
results suggest that options 2 and 3 are the most plausible, but future ATE research in WCW
should incorporateither high resolution, topographically distributed temperature measurements
or modeling methods other than CTI to account for the potential effect-pbaling.

The response of the curvature variable had middling rank, indicating that local convexity
and concavity had a marginal effect on ATE dynamics. One issue with this finghotentially
the resolution. The curvature operates on a 3 x 3 moving window, which means that curvature
was based on a 60 x 60 m observation space. This resolutionl ird#iatinguishing gullies
from ridgelines, but may be inadequate to identif\aller features associated with microsite
formation and pedogenesis. Curvature was identified as the primary variable driving divergence
from the climatic treeline maximum the random forest model Gfase and Buckley (2015)

Surficial and Bedrock Geology

Surficial and bedrock geology both rank low in variable importance, but this finding must
be considered with the understargithat they are both categorical variables, and are subject to
bias in the random forest model. Bedrock geology ranked highepioriamce than surficial
geology, but this is likely a function of bedrock geology containing more categories. These
variabks were included in the model in order to account for the findiMpofasFauria and
Johnson (2013}hat upslope ATE advance under climate warming projections would be limited
by geologic castraints such as bedrock. If these geologic constraints did limit ATE advance in
the WCW, then these variables would hhaae higher ranks. This finding does not preclude
future geologic limitations to ATE advance in the WCW.

Fire

The ranked importanasf fire exposure in the present research diverged the most from
expectation. In the preceding reseaaihasymmetric regmse to fire exposure was observed,
with fire causing higher mortality on sodfficing slopes than on nofthcing slopes. Given that
finding, the fireexposure variable was expected to rank high, however the results showed that
fire-exposure was the leastportant variable. It must be taken into account that as a categorical
variable with only two classes, fiexposure may have besubject to the same model bias
described for the other categorical variables.

An intriguing finding came from the elevan partition analysis. The largest difference in
MDG betweerhigh elevatiorandlow elevationdatasets was seen in the fexeposurevariable.
Fire-exposure provided a higher explanatory power for land cover chahgghielevatiorareas
thanlow elevaton areas One interpretation of this finding is that fire may interact with other
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topo-climatic variables at ATE elevations in a witaat it does not at lower elevations. For
example, a standlearing fire in the 1930s which occurred at low elevation wbalde ample
resources (soil moisture, insolation, adequate growing season temperature) to replace the stand
before the 2006 observati, thus recordingo changeAt ATE elevation, where these resources
are limited, soil moisture and growing season tentpeza which may have been adequate for a
mature tree stand pfee may have posed limits to tree establishment-pastThis effet
would result in the observed increase in the ability for fire to predict land cover chdmgle at
elevationsversudow elevations

Evidence of this threshold effect of fire can be seen in a recemstiighostfire tree
establishment in the ATEStine & Butler 2015) This study reported significant soil erasiby
wind and water following the removal of vegetation and duff layers by fire. While effective soil
depth did not signi€antly vary between burned and unburned sites, seedling establishment was
significantly higher in burned areas with deeper soilaode rock shelter. This finding was
curious, as previous studies had shown these variables did not affect seedlindnestablis
unburned area@/lalanson eal. 2002) Thus, variables related to topography and climate that do
not appear to affect tree establishment in normal ATE camdittan become critically important
to tree establishment following disturbance by fire. Future research should invegsditjates of
postfire tree establishment using a method that controls for the effect of aspect on climatic
variables.

Conclusion

A random forest model of WCW was trained to classify historic changes in forest cover,
based on a set of climatic, topognap geologic, and disturbance variables. Elevation had the
highest explanatory power in determining forest cover chakigégempeature and precipitation
may also be considered to have high explanatory power in the modieéimitshigh correlation
amag variables. Insolation also ranked highly. While several rsoétle models suggest that at
a landscape scale, topography can eidgtv the importance of temperature in ATE position
(Case & Duncan 2014; Weiss et al. 2QXB¢ topographic factors of slope, CTI, and curvature
rank lower in imprtance than climatic variables. Lowest variable importance was seen in the
categorical variables surficial geology, bedrock geolagyl fireexposure; these findings were
unexpected, as previous studies had suggested strong effects from geologics\(Madées
Fauria & Johnson 2012)nd fireexposure. Interpretation of vable importance ranking was
made difficult by an apparent bias towards continuous variables. Future implementations of this
methodwill better understand variable importance by applying random forests which use
conditional interference trees for variaBkdection, avoiding biatrobl et al. 2006)

Patitioning the data into areas at and above ATE and below had little effect on the rank
of variable importance. However, a discrepam the MDG of fireexposure between elevation
ranges provided an indicati on rechmatichrel pot enti a
topographic stressors which are not limiting to tree establishment in tfiesppd E become
limiting postfire. These threshold effects may explain the correlation betweeaxpesure,
aspect, and mortality/succession at ATE describeatevious researgiMcCaffrey 2018)

Future research should focus anuaderstanding of how climatic variables which correlate to
aspect (i.e. insolation, wind exposure, PET, soil moisture, soil tamope) alter patterns of pest
fire tree establishment. While the modeling techniques used were geesafficientto

69



corfidently distinguish between factors at the resolution required to observe thesesitacro
formation effectsin situ measurementsf hydroclimate at a range of elevations and aspects in
WCW will provide this ability. Additionally, recent wildfires in sthern Alberta, such as the
Lost Creek Fire of 2003 and the Kenow Fire of
ef f e qposHi@ tree éstablishment in the ATE in a variety of aspects and growth stages.
Given the increased frequency of ATEef{Cansler et al. 2I6), there is a need to add to
the growing body ofesearch investigating fire at high elevat{®ogeau & Armstrong 2017,
Stine & Butler 2015)The potetially limiting effect of fire on upslope treeline advance should
remain an area of research focus
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Tables
Tablel.1 - Summary of variables used in random forest model of ATE change.

Variable Abbreviation  Unit Mean Std dev. Min Max
Continuouts
Topographic
Elevation ELEV m 1843.20 263.24 1391.52 2624.44
Compound Topographic Index  CTI unitless 5.86 2.07 1.46 23.16
Curvature CURV unitless 0.00 2.24 -62.62 69.99
Slope SLOPE © 26.42 13.59 0.00 87.38
Climatic
Annual Precipitation ANNPREC mm 1477.41 279.38 901.04 2298.08
Annual Solar Radiation ANNSOLR  Wh/m? 1103737.10 233753.55 169984.64 15990846.00
Annual Temperature ANNTEMP °C 2.01 1.07 -1.12 3.93
Summer Potential
Evapotranspiration JJAPET mnv/day 1.27 0.22 0.16 1.58
Summer Precipitation JJAPREC mm 255.02 34.53 195.68 357.95
Summer Solar Radiation JJASOLR Wh/m? 505483.39 80525.16 69832.80 652794.63
Summer Temperature JJATEMP °C 10.97 1.06 7.83 12.77
Categorical
Aspect ASPECT 9 classes: N.NE.E.SE.S,.SW. W .NW Flat
Fire FIRE 2 classes: Fire Exposed, Non-Fire-Exposed
Geological Formation SUBGEO 9 classes: Phillips Formation, Gateway Formation, Sheppard

Formation, Purcell Lava, Siyeh Formation, Grinnell Formation,
Appekunny Formation, Altyn Formation, Waterton Formation

Surficial Geology SURFGEO 5 classes: Bedrock. Colluvial Deposit, Fluvial Deposit. Glaciofluvial
Deposit. Moraine
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Table 1.2 - Summary of Meteorological Station Attributes

Station Name* Latitude Longitude Elevation (m) Years on Record Dist. to WCW (km)
Castle 49.40 -114.33 1360 1958-2007 7.8
Westcastle 49.28 -114.37 1524 1999-2007 0.0
Pincher Creek Town  49.52 -113.97 1154 1893-1963 36.6
Spionkop 49.22 -114.08 1861 1998-2007 17.3
Gardiner 4937 -114.52 1920 1998-2007 5.1
Coleman 49.63 -114.58 1341 1912-1997 325
Beaver Mines Town _ 49.47 -114.18 1257 1912-2007 21

Table 1.3 - Results of Lapse Rate Regression
sl o} y-int i’ F p
Annual
Precipi 1.0 650. 0.7 20. 0. (
Summer
Precipi 0.1 18.2 0.7 17.0.(
Annual
Tempera 0.0 8.7¢0.6 12. 0.1(
Summer
Tempera -0.0' 19.00.7 17.0.(¢(
Table 1.4 - Correlated variable groups.
Group 1 Group 2 Group 3
Correlated Variables ANNPREC ANNSOLR JJAPET
ANNTEMP JJASOLR SLOPE
ELEV JJAPET
JJAPREC
JTATEMP
Selected Variable ELEV JJASOLR SLOPE
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Table 1.5 - Within -training -data confusion matrix and accuray assessment.

Including 0 Excluding 0
Prediction Reference Sensitivity Specificity Sensitivity Specificity
-3 -2 -1 0 1 2 3
3 1381 149 155 107 12 1 0 0.568 0.995 0.841 0.972
2 58 1500 82 83 25 11 0 0.394 0.997 0.778 0.984
1 198 244 3325 262 90 46 4 0.450 0.990 0.910 0.936
0 790 1880 3729 63802 3530 1758 316 0.988 0.516 - -
1 3 32 82 271 3322 123 70 0.471 0.993 0.943 0.967
2 2 4 13 62 71 1411 18 0.420 0.998 0.883 0.990
3 0 0 1 5 4 6 373 0.478 0.999 0.803 0.999
Accuracy 0.840 0.883
Kappa 0.577 0.850

Table 1.6 - Confusion Matrix Accuracy Results.

Accuracy 95% CI n p-value Kappa
All 0.840 0.838 - 0.843 89 440 <0.001 0.577
High Elev. 0.761 0.756 - 0.764 38014 <0.001 0.490
Low Elev. 0.826 0.823 - 0.829 51426 <0.001 0.300

Table 1.7 - Variable Importance MDG Values.
Variable All High Low  Difference (High Elev. —

Elev. Elev. Low Elev.)
FIRE 472.18 478.59 152.28 326.32
SUBGEO  991.52 643.29 416.94 226.35
JJASOLR 2413.21 1403.11 1204.39 198.72
ASPECT 988.08 590.13 416.54 173.58
CURV 1870.38 1108.34 977.3 131.04
CTI 1996.19 1167.64 1059.17 108.47
SURFGEO 521.44 3522 287.43 64.76
SLOPE 2249.92 1272.1 1280.58 -8.47

ELEV 3435.21 - - -
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Figure captions

Figure 1 Land ceerchange in WCW. Areas of anthropogenic disturbance, bounded in black
lines, were omitted from training data in the present model.

Figure 2 Meteorological Stationstihe West Castle Region.

Figure 3Length of data record for headwater meteorologicaiosta

Figure4 Annual and Summer (JJA) Temperature Lapsefat

Figure5 Annual and Summer (JJA) Precipitation Enhancement.

Figure6 Nine variables used in the random forest model: a) elevation, b) compound topographic
index, c) standa curvature, d) slag €) summer solar radiation, f) aspect, g) fire occurrence,
h) bedrock geology, i) surficial geology.

Figure7 Correlation matrix of continuous variables.

Figure8 Result of canopy change spatial extension into unobserved areas of Bf€é\\areas
are omited anthropogenic disturbance.

Figure9 Variable Importanc®ankedoy MDG.
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Figure 1 Land ceer change in WCW. Areas of anthropogenic disturbance, bounded in black
lines, were omitted from training data in the present model.
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Figure 2 Metemlogical Stations ithe West Castle Region.
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Figure 3Length of data record for headwater meteorological stations
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Figure 4 Annual and Summer (JJA) Temperature Lapse Rates.
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Figure 5 Annual and Summer (JJA) Precipitation Enhancement.
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Figure6 Nine variables used in the random forest model: a) elevation, b) compound topographic
index, c) standa curvatured) slope, €) summer solar radiation, f) aspect, g) fire occurrence,
h) bedrock geology, i) surficial geology.
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Figure 7 Correlation mak of continuous variables.

ANNPREC

ANNTEMP

ANNSOLR

ASPECT

CTI

CURV

ELEV

JJAPREC

JJATEMP

JJAPET

JJASOLR

SLOPE

S
i =  ANNPREC
&
= ANNTEMP
=  ANNSOLR
=  ASPECT
CTI

-

0.97 -0.96

0.97 -0.96

-0.97 0.96

0.85

0.96

0.46 -0.52 ).46

CURV

-

=
w9
5k
(iR
=
1 3 Z
'_
=L
1 1 EE
<Eﬁ
1 14 1|3 o
o
_ e
046046046 1 3 W
O
092 1 &

0.5 0.5 -0.51-0.65-0.5 1

84

0.2 04 0.6 0.8 1



Figure 8 Result of canopy change spatial extension into unobserved areas ofGh&Z\afeas
are omitted anthropogenic disturbance.
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Figure 9 Variable Importance Rankied MDG.
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Appendix 4: Evaluating Lidar -estimated snow depth drivers and their
consistency during mid winter a nd melt onset for a Rocky Mountain
watershed

Cartwright, K., Hopkinson, C., Kienzle, S., Rood, SEVALUATING LIDAR -ESTIMATED
SNOW DEPTH DRIVERS AND THEIR CONSISTENCY DURING MID WINTER AN D

MELT ONSET FOR A ROCKY MOUNTAIN WATERSHED . Hydrological Processe@in
Review)
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Evaluating Lidar -estimated snow @pth drivers and their consistency during mid winter
and melt onset for a Rocky Mountain watershed

Cartwright,K., Hopkinson,C., Kienzle S.,Rood S

Abstract

Collecting spatially representative data over large aseashallenge within snow
monitoring frameworksldentifying consistent trends in snow depth enables increased sampling
efficiency by minimizing field collection time and &t3 associated with remote sensing methods.
Seasonal snowpack depth estimationsndumid-winter and melt onset conditions wereided
from airborne Lidar over the West Castle Watershed in the southern Canadian Rockies over three
years. Each data set waisided into five snow depth driver classes: elevation, aspect,
topographic positin index, canopy cover and slope. Although iwidhter class trends for each
driver were similar, depth distributions within each class were significantly different due to
recent snowfall events, redistribution and settling processes. Trends in drivetwiagdate
season melt onset were also simitamid-winter but varied with seasonality. This is due to the
differing stages of accumulation or ablation and the upwagdation in the 0C isotherm during
spring, when snow depth can be declining ineyabottoms while still increasing at higher
elevations. The observed consistency in depth driver controls and identification of zones of
characteristically high and low swastorage can be used to guide future integrated snow
monitoring frameworks.

Keywords:snow depth distribution, accumulation andbéibn, Lidar, remote sensing, mountain
hydrology, snow monitoring.

1. Introduction

Seasonal snow pack accumulation infReeky Mountains and other mountain watersheds
is crucial to water security in westeNorth America, and in many other regions waride. The
snow pack accumulates over the winter season and subsequently melts in the spring through
autumn providing the pmary contribution to river flows, which provide the primary water
supplies for murdipd and industrial use, and irrigation. Estimgaiof headwater snow pack
volumes are essential for water budget calculations that influence downstream cropping plans
and povide advance warning of water shortages. Mountain region snow packs also afluenc
spring flood risk, with rapid snow melt causihggh river flows, and rakon-snow events
resulting in potentially severe flooding (Fang and Pomeroy, 2016).

Early snow pak monitoring involved periodic measurements of snow depths in snow
course sites ansutsequently, snow pillows with automated measuents of snow water
equivalent (SWE) typically at higher elevation sites that accumulate deep snow packs. However,
snow couse or snow pillows provide snow pack measurements at single locations, theothoice
which being confounded by the inherent vaaatin snow depth across mountain regions. Snow
pack monitoring with airborne Lidar (light detection and ranging) can praagdé observations
over whole watersheds (Hopkinson et al. 2012), and has thatiglote improve inventories of
snow pack exterdand volume to enhance water supply and flood risk forecasts (Deems et al.
2013). Understanding the spatiotemporal variatibsnow depth with respect to terrain and land
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cover drivers is necessary to deyeig an effective spatialhexplicit headwater sswpack
monitoring framework that integrates depth, density and SWE observations from snow courses,
snow pillows and airborngampling . While bastwide SWE is the desired goal of many water
resource monitang efforts, the focus of this study is snow deps of the two variables (depth
and density) required to estimate SWE, depth is the more spatially variable and thastroake
in SWE determination (Dickinson and Whiteley, 1972; Steppuhn 1976).

Upperalpine zones tend to contain the most exposedsta@p terrain in a catchment
which promotes snow redistribution by wind and gravity, therefore flatter terrain is expected
collect more snowThe effects of orographic precipitation on snow distributianes from
windward to leeward slopes (Pomeraydaruin, 2001), and Roe and Baker (2006) suggest that
maximum precipitation rates have high spatiotemporal variabilitywmakes it difficult to
assign a static location for maximum precipitation inpidtsvever, snowpack depth
distributions with elevabn are not solely due to orography and lapse rates but also the
redistribution of snow by wind and gravity, followed byerdeption by vegetation (Greene et al.
1999; Hopkinson et al, 2010; 2012; Grunewetidl. 2014). Wind and gravity also promote the
settlement of snow in areas of topographic transition from exposed to concave terrain (Revuelto
et al. 2014{ opezMoreno etal. 2017) Therefore, it is expected that deeper snowpack will occur
within the teeline and within topographic depressions.

Aspect is another weltesearched variable that impacts snow depth distributions. Short
and long wave radiation provide the emefor melt which can create preferential depth losses
and potential density gaims aspects with high radiative inputs versusse with little (Golding
and Swanson 1986; Anderson et al. 1958). This
Many studies have demonstrated higher snowmelt and sublimation rates in northerrhbeamisp
southfacing relative to norttiacing sbpes(Haupt, 1951; Anderson and West, 1965; Hendrick et
al . 1971, Rowl and and Moor e, 1& Sheéandelhs ghoud, 200
(all else being equal) occur on north facing terrain witHdfest depths on south facing terrain
wherenorthern hemisphere shortwave radiative inputs are greater.

Studies of vegetation influences that examined both snow accumnudatdl melt rates in
forested areas have found that melt rates in south facisgnstteand without forest cover
exceed thosef clearcuts with a northerly aspect, confirming that aspect has a greater effect on
melt than forest cover (Murray and Butt903; Haupt, 1951; Anderson and West, 1965;
Hendrick et al. 1971; Rowland and Mopre 1 9 9 2 ; D6Eon, 2004dtpn, Jost et
which has a lower albedo than surrounding snow, can enhance melt by absorbing solar energy,
which heats up stems and falie and then remits energy as longwave radiation over nearby
snowpack (e.g. Ellist al. 2011). Vegetation also promotes abtaby intercepting snow and
leaving it exposed on branches to wind and radiation that may drive sublimation losses (Pomeroy
etal. 1998). Considering these effects, closed canopies should have the lowestedpgttially
later in the season as day ldmgtd shortwave energy inputs increase. More open canopies
should exhibit greater snow accumulation due to wind trapping, rédoicgwave radiation and
lower amounts of intercepted snow being subject to subbmarior to falling to the ground.

1.2 Obgctives

To support optimal Lidabased mountain snow depth sampling that delivers spatially
representative results, the prioritysnow depth drivers and the variation in their distributions
needs to be knowrof a given region and time of year. The eaething goal of this analysis is
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to determine if weklestablished snow depth distribution trends, with respect to variousterrai
and land covebased snow depth controls, exist in the headwaters of the OldinerBRasin,
southern Alberta. This is assedd®/ examining the seasonal and interannual consistency in
classbased snow depth drivers during mvthter and at melt onsetidar-based snow depth
data are compared to publicly available in situ snow rectvgdace the government monitoring
data intothewatershed context. This information will ultimately support decisions over the
optimal timing and sampling strategy reqdifer an airborne Lidabased snow monitoring
framework. For example, if a highhgportion of watershedcale snow volume i®éindto be
associated with certain landcover and/or terrain types or combinations thereof, then ensuring
representative samptrof such watershed regions would be desirable in an operational aerial
monitoringframework. Evaluating the temporal consisten€high and low snow storage zones
can determine if aerial sampling needs to adapt to seasonal factors, such as snow ameumulat
vs. ablatiordominated periods. By examining spatial and temporal trend®w depth and
relationships with various drive & the watershed scale over multiple years, a foundation for
future sampling requirements is established undepmméer (acumulation) and melt onset
(ablation) snowpack conditions.

Thus, to better understd the processes that influence Rocky Moumssmwpacks and
to explore methodologies to improve snow pack monitoring, this study was undertaken with two
primary objectives:

(1) to assess the relative influences of different physical environmental dnverow
depth over a fulvatershed; and

(2) to investigate the consistency of snow pack patterns and drivers within and across
years.

1.3 Study Area
The West Castle watehed (WCW) is a mountainous (~1400 to 2600 m a.s.l. elevation
range) subwatershef the Oldman River Basim Southern Alberta neahe common border
between Alberta and British Columbia, and Montana, USA. This region is referred to as the
Crown of the ©ntinent and it includes the hydrographic apex of North America, the common
headwagr zone for rivers thatdiv to the Gulf of Mexio and Atlantic Ocean, Pacific Ocean, and
Hudson Bay and Arctic Ocean (Rood et al., 2005). The WCW is relatively naturgitfland
use impacts that are typical of mountain regions, including some fareststing and livestock
grazing, roadways and kar clearings for power lines, seismic lines and pipelines. It is sparsely
settled but does include a substantial (~1,00@ertical) ski hill resort. The scale of these human
impacts is sufficient for assament with Lidar analysebut that was not thexghasis of this
initial investigation of environmental determinants of snow pack patterns.
The Oldman River Basin is a trdimaindary basin with headwater zones to the south of
the WCW in the Watertefslacierinternational Peace Patk,h e wo r | dpak (193R)r st s uc
which has been designated as a UNESCO Worl d H
most extensively utibed river for irrigation and consequently water supply forecasting is
especially atical. Within the Oldmarheadwaters ~8.4% of anal runoff yield is derived from
the Castle Watershed, which includes the West and South Castle rivers, (Kienzle and Mueller
2013), making it the 3rd highest yielding sodsin. The ~103 khwatershed is dracterized by
a large vdey that runs north angorthwestward, and includes a sequence of ecoregions
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extending upward from the aspen parkland, to montane forest, sebfaipst and to the

exposed rocky alpine summits (Figure 1; Samuelson and Root),. 208now course exists
within the watershed, wth is manually surveyed every month throughout the winter season,
and an automated snow pillow is situated in an adjacennhtain valley, with very similar
biogeographical conditions. The WCW provides @eal case study relative snow pack
analyses, rd the findings should be highly applicable to other watersheds in the Crown of the
Continent and elsewhere in the Rocky Mtains, which provide critical water resources for
much of western North America.
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Figure 1. Study area, wdh is located near th&lberta/British Columbia border in southwestern
Alberta, Canada.

2. Methods

2.1 Lidar Analysis
Winter flights to generatdigital snow surface models (DSSMs) during snow conditions and
another surveynisummer to producedigital elevation model (DHE) are required for Lidar
snow studies. A LSDM (Lidar snow depth model) was created at a 1m grid cell resolution by
subtracing the DEM from the DSSM (Eq 1, Hopkinson et al. 2004):

LSDM = DSSMi DEM (Eg. 1)
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The snowoff DEM was generated from a Sember 2014 survey of the same area when
perennial snow was at its minimum. To produce soovDSSMs, airborne Lidar surveyere
conducted in February 24, 2014 (rwghter 2014), April 7, 2016 (melt onsed®6), and
February 132017 (midwinter 2017). Asmall validation dataset exists for midnter 2014,
which was limited to valley floor elevations <1450 m a.s.l. The ro@msguare error (RMSE)
of this dataset is 0.27 m (n = 43), which was measured saingy grade differgial GPS
positioning of deth measurements using graduated depth probes. A snow depth validation
dataset was collected along an elevation gradier@16 2vhere the RMSE was 0.25 m (n =
165). Due to safety and logistical constraistsow depth validatiodata were not collected for
all surveys but all Lidar datasets were calibrated to flat runway surfaces 35 km west of the study
site at the start and @mf each survey flight, so the depth accuracy is expected to be consistent
acrosghe surveys.

A well-cdibrated Lidar snow survegan produce a decimetkavel root mean square
error, especially in zones of open canopy (Hopkinson et al. 2004; Grunevahl@@L0;

Lehning et al. 2011) with many studies reporting values ranging uprio&nd varying with

landcover and terrain morplogy (Geist and Stotter, 2008; Moreno Banos et al. 2009; DeBeer

and Pomeroy, 2010; Hopkinson et al. 2011; Grunewald e®&8) 2Field observations were

within the range of uncertainty found in other simgtudies, confirminghe suitability of our

datafor a more in depth assessment of drivers and their consistency. All datasets were gridded at
a 1m spatial resolution usitigangulation interpolation after being quality controlled and filtered
following standard cleaning amaassification methods dedeed in Hopkinson et al (2012).

2.2 Snow Depth Driver Classes

Data collected in September 2014 was used to create a Whilbh was the input for
creating snow depth control variable classes. Given thesalt#00 m o€&levation range in the
WCW and higHhocal variation in snow depth, elevation was divided into 100m increments to
identify broad elevation patterns, while matgqg against local terrain and landcoveduced
noise. Slope, aspect and TPI (dgpaphic Posibn Index) are controls that reqeir
neighbourhood functions to derive the surfaces from a DEM. To ensure that cells along the outer
edge of the area of intesehad a sufficient neighbourhood, they were computed on a DEM that
extended beyonthe area ofriterest and then clipped to the eahed extent. Neighbourhood
size for slope and aspect calculations is limited to the eight grid cells immediately surgoaindi
given cell, whereas the neighbourhood settings for TPI arede$i@ed. UsingArcGIS 10.4
(ESRI, Redlands, California), slopgq 2) and aspect were calculated with the aspect and slope
tools.

Sl ope (e) = arctan(rise [ r (Eq?)

TPI is calculated by comparing a cell 6s
defined window (EB; Weiss, 2001).

TPI=Ei M (Eq 3)

Where E is the elevation of an individual grid cell anisNhe mean elevation of grid
cells within the window. TPI values are unique to the DEM used as an input so they are
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generally stratifiednto three clases: depressions, uplands and transitional terrain which can be
flat or sloped. Too small of a windoway create unnecessary detail within the three TPI classes
whereas too | arge of a window wi epresentthel ude <co
simple ridge / depression type of relief or the snow depth driver processes that we are aiming to
repregnt. Previous research has found that study areas with larger elevation ranges have snow
depths that correlate best with larger TPI windéResvuelto etl. 2014). They used a 25m
window in a small Spanish Pyrenees catchment with a 400m elevation ranmgaswueother
study (LopezMoreno et al. 2017) over a ~1400m elevation range found that a 200m TPl window
produced the best correlations lwgnow depthsuggesting that as study area and terrain
complexity increase, so should window size. Therefore, wesechanid range for the window
size of 101m based on local field observations that snowpack deposition and scour features tend
to associat&vith terrain atures in the 10m to 100m scale range, and to be compatible with the
100m sampling scale associatednwalevation bins.

Aspect was divided into eight cardinal dir
tool in ArcGIS, but it wasiot considereth this analysis as it contains only 7,191 data points
whereas the next smallest aspect class (nba$)%,218,741 points. Exclusion of small or
outlying classes (<0.5% of total area) will have no to negligible influence on class medwas and
been implenented in other snow studies (Grunewald et al. 2014).

Canopy Cover was calculated as a ratio of Ladaropy to total returns (Barilotti et al.,
2006) (Eq 4).

Fractional Cover = Canopy Returns / All Returns (Eq 4)

TPl and canopy covevere stratifiel using a threglass quantile approach, to ensure
comparable class population sizes, while maximigivgchance of class separability. Slope also
had three classes based on evenly distributed physical slope breaks at 30 degree increments
instead of stastical sample breaks. As with aspect and elevation terrain classes, it was assumed
that slope influensewould be identified through physical slope attritegeal increments,
rather than quantile stratification. The basis for the choses sietificatons was to support the
identification of trends in or separability of snow depth values within eactrdiiass, and to
mitigate the high level of noise in snow depth when mapped at a high resolution. This
requirement for statistical compson necessitatl a categorical binning of the driver classes.
The reclassified rasters were converted to class patygod used to extract withalass snow
depth sample statistics.

2.3 Lidar Snow depth Quality Control

The main sources of error with ladare vertickand horizontal errors as well as
incorrect classification of returns from the forest canopy, builorgother obstructions, which
may be labeled as ground returns (Hodgson, 2004). The LSDM is derived from two Lidar
surface models, so ersocan be congunded, highlighting the need for rigorous quality control
(QC). For example, it is intuitive that snaepth cannot be a negative number, so if negative
values result, then this indicates either a raw laser ranging or model registratiemprob
Multipath (deflection of laser pulse energy from a single travel path due to multiple reflections
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from high refectance surfaces) leads to low points or pits in Lidar snow surface data that lie
beneath the true surface (Hopkinson et al. 2004). Thigredecausdé ground to aircraft
portion of the tweway travel time exceeds the time it took for the pulse tdr#se ground after
emission from the sensor (Hopkinson et al. 2006). Multipath is more likely to occur over a frozen
snow surface than bageound due tancreased reflectivity, and this is likely to produce
occasional negative snow depth values in the MSBuch erroneous values can be set to 0 (to
l'imit their overall i mpact) or removed entire
information orLidar as a snow depth measurement tool, and for specific examples of its use in
cryospheric applicatias) see the review papers by Deems et al. (2013) and Bhardwaj et al.
(2013).

Steep slopes and horizontal DEM uncertainty can produce eusdepth valugthat
exceed plausible snow depths (Hodgson et al. 2005). Horizontal coregistration errors may arise
where the location of a steep cliff face is offset by a few decimeters in the x or y direction in the
DSSM compared to DEM. If horizontal i@mistration $ imperfect, when the DEM is subtracted
from the DSSM the result may be an implausibly large negatipesitive value because the
elevations associated with the top or bottom of the cliff face are in different cells between
datasets. One ppoach to quéty controlling slope induced errors is to eliminate steep areas
from the datasets altogether (e.g. @het al. 2016). At the scale of West Castle watershed,
steep terrain and cliff faces (¥6§lope) represent <1.8% of the total area.eM@luate the
impact of QC measures, pand postQC mean depths were compared for slope and elevation
classes. It igxpected that depth values in steeper terrain classes will be most affected by QC
based removal or thresholding of depth values but teeathvmpact o watersheecale
estimates is unknown.

Revuelto et al. (2014) employed a routine using the-fisddsired depth of a
topographic depression as their maximum depth value while others (Kirchener et al. 2014;
Grunewald et al. 2010) have empdolyknowledge fothe area or canoplyased metrics to
determine a maximum depth. However, the abundance of data iDM hikes removal of the
upper 1% tail of the depth distribution a statistically reasonable approach to limit the upper range
of snow depthEliminating hese outlying cells entirely instead of simply thresholding
implausible snow depths excludes questitmabnes from the analysis (e.g. eliminating data
from a snow free slope with an apparent snow depth of 60m is preferable to assigning a
thresholdedvale t o a cel | wher e "percentiebaber @€ maéihbd e x i st ) .
implicitly addresses steep gl errors and provides a statistically consistent, reasonable, and
automated means of setting a limit on maximum depth. THe&&entileLSDM values were
calculated after eliminating negative wat. Overall, these QC measures removed ~1% of total
1m gid cells from each of the three datasets analysed.

2.4 Temporal Snow Depth Distribution Analysis

Determining how snow depth distribut®and drivers vary temporally at the watershed
scale supports future sampling design. For example, knowledge ofdepolvdriver variable
spatial extent and which drivers are most important in controlling snow daptinform driver
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class sampling pridization and location. The consistency of depth distributions was first
assessed at the watershed scale usingKéndall Tau cor r e | -pdrametnt statuggi ven i
and the nomormal distributions of the datase®&now depth distributions and storaggtimates
were derived at the watershed scale for two different stages in wintewinar (MW) and
melt onset (MO)Creating classes for each snow depth driver allowed a more refined test of mid
winter depth distbution consistency for which an ANOVAaifalysis of variance) was employed
at a 95% confidence level.
From the snow pillow records at Gardiner Creek (AER,72, the February MW 2014
and 2017, as well as April MO 2016 survey times demonstrated SWE caogsddlbfalling in
the range of 490 mno 590 mm. During the days leading up to both mid winter surveys, there
had been a period of fresh snowfall excegdin0 mm SWE, while the melt onset mission
followed a few days of early melt exceeding 10 mm SWHUiE 2). An early melt ensued
shortly dter SWE peaked in 20156, compared to the other survey years where SWE reached
its maximum in May. Leading up todt2014 and 2017 surveys, the average temperatures of the
30 days priorwerel 4 C-1dn c rvelyswhereas for 2016 itwag C. SWEhaed
temperature data confirmthiat0 14 and 2017 data can -Wwientcemd&i de
and 2016 indicaes fimelt onset o conditions. The data e
station sites utilied in this study. Except for the Mar2@17 flight lines, the digital elevation
model extent represents the area covered for all winter Lidar (Light detectd ranging)
surveys.

20 900

Air Temperature (°C)
Snow Water Equivalent (mm)

= 2013-14 Depth ——2015-16 Depth 2016-17 Depth

2013-14 Temp —2015-16 Temp 2016-17 Temp

Figure2. Daily snow water equivalent values from the Gardiner Creel(3824 m a.s.l.), for
200 days startimpon November 1st through to rAlday of the following year (AEP, 2017).

Snow depth statistics were generated foheddhe snow depth driver class polygons
using a python script which interrogated each LSDM anpgudtéd a summary table. Snowpack
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storag volume was estimated by multiplying mean depth of each driver class by the number of
grid cel |l s ( gawes)iutdatcfags. TO deted statistioally significant differences
between depth distributiorsd midwinter, ANOVAs were implementeoh a random sample of
each classd6 popul ations at a 95% confidence
class were as follows: elevation 10,000, aspect 25,000, canopy cover 30,000, TPI 30,000 and
slope 30,00. This resulted in 90,000 < 200,0G0vples used in each comparative test.

2.5 Government Snow Monitoring Comparison

The Government of Alberta Gardin@reek hydrometeorological station (1970 m a.s.l.)
measures snow depth and snow water equivalent, and is located just beyond the ngghefrn ed
the WCW boundary, making it the closest continuous automatic snowpack nmansive.
Depth is measured with®R-50 and SWE data is collected with a snow pillow. The West Castle
snow course (WCSC) sampling station (1524 m a.s.l.) also exists WiehilwWCW, and is
manually surveyed every month, depending on weather conditiwosghout the winter season.
To give context for how the publicly available snow data relates to watevakdedsnow
conditions, average snow depth from the Lidar data wasparced to the SR80 depth observed
at Gardiner Creek (GC). Mean Lidar and-S®srow depths were both multiplied blye number
of grid cells (excluding no data points) in each LSDM to estimate watessiadel snow volume.
Average depth from the LSDM waslcalated by finding the mean of all cells (excluding no
data points). Similarly hie depth at the West Castle snowrse (WCSC) was also used to
estimate volume, although the only date on which snow course measurements coincided with a
Lidar survey was fothe February 2014 midiinter LSDM. For the other survey dates, the
WCSC was sumyed 2+ weeks after the Lidar suygewhich precluded a viable comparison

given the dynamic nature of the snowpack (Figure 2). These comparisons illustrate how a simple

extrapolation of snow depth from a single regional location may lead to-umdeve-estimates
of watersheescale snowolume; i.e. do these snow monitoring stations accurately represent the
region they occupy?

3. Results

3.1 Snow Depth Driver Classes

Watershed land surface classifications derived from the Lidar data produesslvation classes,
8 aspect classes, aAdlasses for slope, TPI and canopy cover (Figure 3).
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Figure3. Snow depth driver classes.
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3.2. Impact of LSDM Quality Control

Quiality control reduced watershed scale depth by <0.1m (or one increment of
measurement resolution) for MW 2014 and MO 2016 tuthe removal of extreme depth
outliers while MW 201706s me awinted20ly elévatmnas unc ha
means were the leaatfected by QC, whereas half of the mattset elevation class mea
changed by >0.1m. The largest differences oatuipper elevations, whereas mean depths
below 1800m showed minimal impact (<0.05m change in mean) across all years. As slope
increased,® did the magnitude of difference between pmed postquality catrol datasets.
Although depth changes were largesteeper and higher terrain, QC only had a small effect on
mean depth at the watershed scale. After QC, elevation and aspect claéstidpetions
remained within 0.1% of the 2014 DEM areas. Howeslepe, TPI and canopy cover class area
distributions differed by up to 0.6% relative to the DEM following QC.

Table8 Mean depth at the watershed scale prior thfatlowing QC.

Snow Depth (m)
Dataset No | 99thpercentile
QC clip
MW 2014 1.6 1.5
MW 2017 15 1.5
MO 2016 1.3 1.2

Table 2.Mean snow depth change as a result of quality control.
@ Depth (
Mid- Mid- Melt
winter | winter | Onset
2014 2017 2016
<1400 0.00 0.00 0.00
14001500 0.00 0.00 0.00
15001600 0.00 0.00 0.00
16001700 0.00 0.00 0.00
17031800 0.01 0.00 0.01
18001900 0.06 0.01 0.06
19002000 0.11 0.03 0.12
20062100 0.09 0.02 0.12
210062200 0.13 0.05 0.20
220062300 0.07 0.03 0.11
23002400 0.08 0.03 0.12
24002500 0.09 0.03 0.17
25002600 0.13 0.04 0.23

Snow Depth Driver Class

Elevation
(ma.s.l.)
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>2600 0.01 0.00 0.03
0-15 0.01 0.00 0.01
1530 0.03 0.01 0.04
Slope (%) 30-45 0.08 0.02 0.10
45-60 0.13 0.05 0.18
60-75 0.20 0.17 0.31
7590 0.85 0.95 1.35

Table 3.Percent area of snow depth control classes after quality control.

Mid- | Mid-
Snow Depth Driver Class F(?:I)IEZI\(A))l 4 winter | winter Meétocl)gset

2014 | 2017

<1400 13 1.3 1.3 1.3

14001500 9.5 9.6 9.5 9.6

15001600 115 11.6 | 115 11.6

16001700 11.3 114 | 113 11.4

17001800 11.7 11.8 | 11.7 11.8

18001900 11.6 116 | 11.6 11.6

Elevation (m 19002000 12.6 125 | 12.6 12.5

a.s.l.) 20002100 11.3 11.2 | 11.3 112

21002200 8.7 8.6 8.7 8.6

22002300 6.0 6.0 6.0 6.0

23002400 3.4 3.4 3.4 3.3

24002500 0.9 0.9 0.9 0.9

25002600 0.2 0.2 0.2 0.2

>2600 0.0 0.0 0.0 0.0

Flat 0.0 0.0 0.0 0.0

N 10.0 9.8 9.9 9.8

NE 12.7 125 | 12.7 12.5

E 17.7 17.6 | 17.7 17.6

Aspect SE 154 154 | 154 15.4

S 7.9 7.9 7.9 7.9

SW 11.5 11.6 | 11.6 11.6

W 14.1 142 | 14.1 14.2

NW 10.8 10.8 | 10.8 10.8

0-30 57.1 57.4 | 57.1 57.4

Slope 30-60 41.2 409 | 41.1 40.9

60-90 1.8 1.7 1.7 1.7

TPI Depressions 33.1 32,5 | 33.0 32.6
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Tramsitional 33.8 34.1 339 34.1

Uplands 33.1 334 | 33.1 334

Open (0-0.13) 332 | 327 | 331 32.7

Cover '”term%dg)e (0.13 33.1 33.3 | 331 33.3
Closed (0.57 1) 33.7 | 341 | 33.8 34.0

3.3. Snow Depth Distributions
3.3.1. Watershed Scale Snow tte@orrelation

Snow depth distributions for M\®014 and 2017 angsibly more similar to one another
than MO 2016, which displays a distinct transition from low to high snow. All correlations
depths around valley sides (Figure 4). Thisis confimedwith&ea | | 6 s t au resul ts
higher correltion between migvinter datasets (0.76) relative to the mathter and melt onset
LSDM comparisons. Of the two midinter datasets, 2014 has a slightly higher correlation with
melt onset 2016 (0.68 for MW 20;1@.65 for MW 2017). All correlations are sifjoant
(p<0.01) ad demonstrate that at watersksale, there is a level of consistency in snow depth
patterns across years and even between accumulation and ablation periods.

Melt Onset
April 2016

Mid-winter
2017

Mid-winter

Figure4. Lidar snow depth maals within the West Castle Watershed extent.
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3.3.2. Elevation

For each dataset, clabased depth distributions increased with elevation gains for the
first half of the range (Figure 5). Peak depth snow depths consistently occur in thH220806
a.s.l.range. Although the exact elevation of peagtls varied by datcollection, they were
within the WCW treeline ecotone for all years. Above 2100 m a.s.|-wmter 2014 and mid
winter 2017 depths declined more sharply than melt onset 2016, illustatitigued snowpack
accumulation in the uppelpane elevation rages late in season after melt has commenced
across much of the watershed. Mvthter 2014 is the only dataset in which a consistent decline
in depth occurs above the maximum depth at tredlrigure 5. Despite the visible similarity,
both of the midwinter depth distributions are significantly different across all of the elevation
bins below 2600 m a.s.l, above which the small class sizes result in no discernible difference.

>2600- Tppliiie———

—fEaDm
2500-2600- —_mt—pr—t+—"—"—
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Fe— ) m— Year
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Figure5. Boxplots of snow depth with each elevation classoss the WCW. Median is shown
by the bar, with the entirety of each coloured box representing the interquartile range.

Similar to depth, maximum snow storage (depth x area) occurred in the2@000n
asl. elevation class at midiinter in both year¢Table4). At melt onset, maximum storage

101



shifted upwards to the 20100 m a.s.l. class. The uppermost elevation classes (>2500 m a.s.l.)
stored the least amount of snow for all years and seasons ofug&tediminishing land area at

alpine elevationDuring mid winter and melt onset periods, the treeline ecotone {2800 m

a.s.l.) consistently represents the watershed zone of greatest snowpack depth and overall storage.

Table4. Snowpack storage wmnewith elevation classes at the WCW scale.

Elevation Storage (x 10mq)
Class (m| mw MO MW
as.l) | 2014 | 2016 | 2017
<1400 1.0 4.5 1.1
11‘;%% 85 | 15 | 95
1800 | 12a | ap | 124
]ig%% 15.8 6.7 151
1178%% 20.0 12.4 18.7
]i%%% 22.5 18.5 218
1290%% 24.6 23.1 24.2
2201%% 22.6 232 22.2
22:;%% 15.8 17 15.9
22%,%% 9.4 104 9.3
223%% 43 | 50 | 42
2200 |15 1y | 1
22%%% 0.3 0.4 0.3
>2600 0 0 0
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Aspect

West facing terrain had the lowest mean depth foredts, although the median depth
value of the suthwest class was slightly lower in 2016 (Figure 6). The lowest zones of storage
were south and southiest zones (Tablg). The deepest mean snow depthusced on north and
northeast facing terrain (Figurg, @lthough the east class had the highesagevalue (Tabl8)
due to a larger eafdcing land area. Due to high sample n values, all classes had significantly
different midwinter mean depths. Mgy, however, the two miavinter aspecstratified dgth
distributions were indistinguishable fromeanother, while melt onset demonstrated the most
marked range in class means (Figure 6).
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Figure6. Boxplots of aspect class snow depth distributions. Median is shown by the bar, with the
entirety of eachaoured box representing the interquartile ®ng

Tableb. Total snowpack storage volume by aspect class across the WCW.
Storage (x10m?)
Aspect

Class | MW MO MW
2014 | 2016 | 2017
N 194 17.3 19.2
NE 24.9 21.6 24.4
E 31.6 25.3 30.8
SE 25.6 20.7 24.6
S 10.6 7.7 10.6
SW 13.9 7.9 14.1
w 15.9 9.3 16.3
NW 17.1 13.3 16.8
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Topographic Position Index

Across all datasets, topographic depressions demonstrate the highest mean snow depths,
and overall storage, with uplands displaying the lowest depthse(@alold Figure 7). For all
three datasets, TRelass depth means were significantly different, with the twewnnder
distributions visibly almost identical
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Figure7. Topographic position index class snow depth distribution boxplots. Median is shown
by the bar, with the entirety of each colourecvepresenting the interquartile range.

Table6. Total snowpack storage volume by TPI class across the WCW
Storage (x1Om?)

TPIClass | mw MO MW
2014 | 2016 | 2017

Uplands | 47.7 | 37.5 | 44.3

Transitional| 52.2 | 34.8 | 48.8

Depressiony 64.8 | 54.6 | 64.8
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Canopy Cove

In mid-winter and melt onset, the highest mean snow depth occurs in the intermediate
guantile(0.13- 0.57)canopy cover class with the lowest mean depth under closed canopy
(Figure 8). The lowest snow depttvere experienced in closed canopy coversedit onset,
presumably because closed canopy conditions dominate valley floor elevations where early
season ssw melt occurs first. Due to a high variance in snow depth data, the open canopy class
mean depthsamonstrated no significance difference acrdishigee datasets. However, an
ANOVA yielded significantly different mean depths across the three canopy dagsees for
both mid winter and melt onset conditions. During mid winter, snow storage was greates
areas of intermediate cover (Tal@le andopen areas stored more snow than intermediate and
closed canopies. At melt onset, open canopy areas didagbtly larger storage volumes than
intermediate canopy covers due to the increase of snow anglatepth in alpine areas above
treeline (Figue 5).
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Figure8. Canopy cover snow depth distribution boxpldfedian is shown by the bar, with the
entirety of each coloured box representing the interquartile range.

Table7. Total snowpack storage volenby canopy cover class across the WCW.
Storage (x1&m3)

Cover dass| mw MO MW
2014 | 2016 | 2017

Open 52 53.1 | 54.1

Intermediate 62.4 52 58.7

Closed 442 | 243 | 449
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Slope

Mean snow depth was lowest above 60° in 2014, with intermediate sloped terrain (30
60°) displaying the greatest depth (FigureA)melt onset, snow depth tends to slightly increase
with terrain steepness (Figure 9). Despite this, steep slopes stoledsth@mount of snow at
melt onset and mivinter due to these classes represerdingry small (~1.8%) portion of the
watershedTable8). Flatter terrain stored the most snow for all time periods sampled @)able
though the difference from the3D° ard 30-60° classes is less pronounced during melt onset
compared to migvinter.
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Figure 9. Slope class snow depth distribution blmtg. Median is shown by the bar, with the
entirety of each coloured box representing the interquartile range.

Table8. Total snowpack storage volume by terrain slope class across the WCW.
Storagg(x10° m?
Slope 0 )
Class | MW | MO | MW
2014 | 2016 | 2017
0-30 87.5 60.9 86.3
30-60 69.3 59.4 67.9
60-90 2.1 2.6 2.8

Public and Lidar Snow Data Comparison

From all three data sources (GC, WCSC, WCW LSDM) West Castle snow course
displays the lowest average depth for timgla time available for comparison, while the
Gardiner Creek SR50 automatic monitoring station displays snow depths that are 0.4 to 0.5 m
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deeper than the overall WCW mean (Ta®)leConsequently, applying these public monitoring
depths to the watershedasvhole produce an overestimate of snowpadkme for GC and an
underestimate from WCSC. (Tab®. Given the WCSC sampling elevatianim the valley
bottom at 1524 m a.s.l. a low depth estimate relative to the WCW LSDM is to be expected.
However, thesampling elevation for Gardiner at 1970 mlais.near the middle of the elevation
range for WCW (1400 to 2600 m a.s.l.) and might ljgeeted to produce a reasonable estimate
of the overall watershescale depth. Therefore, the consistently high sneptidrelative to the
watershed mean is a furmi of the GC station being located in the zone of highest snowpack
depth near treeline (Figai15). This observation serves as a reminder that caution is required if
pointbased snow depth monitoring data atapolated to larger spatial domains, suciwhasn
setting up hydrological models that rely on snow depth or SWE data as inputs.

Table9. Mean depths from Lidar and provincial snow sampling data within or adjacent to
WCW. West Castle snow course dataZ016 and 2017 are not included due to ~ 2keexd
disparity between field and Lidar sampling.

Mean Depth (m)

Lidar Survey Date GC WCSC Lidar
Mid-winter 2014 1.91 1.15 1.53
Mid-winter 2017 1.90 - 1.51
Melt Onset 2016 1.70 - 1.18

Discussion

Snow Deth Drivers and Quality Control

For all datasks, the grid cells excluded by quality control are associated with steeply
slopedterrain. LSDM extreme outlier values in upper elevation range steep slope areas ranged
from 62110m across the three datasetemto quality control. These depth valuesated
either in individual grid cells or small linear clusters along cliff edgekveere associated with
small class sizes. At the watershed scale, mean snow depth was either unchanged or adjusted
downwardsby ~0.1m using the upper 99ercentile rejeédn approach. This suggests that co
registration errors do not affect the mean snow depth at the watershed scale but given steep
sloped areas account for <1.8% of the watershed area, erroneous depth hlsesass could
confound acerate interpretatin. Thresholding values using either th& g@rcentile or 10m (an
arbitrary but reasonable upper depth value) produces values within 0.1m of-thegostQC
data (Tablel0). Snow depth values to use asupper threshold have beestekrmined with
field-based measurements of known depressions and zones of wind loading during the season of
Lidar data collection in other studies (Revuelto et al. 2014). Overall, any of these methods are
sufficient if depth mans are required in watershechle resource ntoring efforts. While this
automated QC workflow does not substantively alter watershed scale depths, a more manual or
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field observatiorbased QC method may be required if accurate depths are desiredteeihe

upper regions of alpinenvironments. Foexample, a detailed slojfimsed assessment of upper
elevation snowpack on northcing aspects might require additional QC, as these areas are
generally the last to melt and are important in understandiegéatson runoff. Ultimately¢re

are several@proaches to Lidar snow depth QC, and exclusion of the upper 1% is expedient and
has negligible impact on overall results.

Table10. Mean snow depth sensitivity to QC method.

Mean WCW Snow Depth (m)
Dataset| No | 99"percentile| 60° Slope | Threshold 99 | Threshold

QC elimination elimination percentile 10m
MW
2014 1.6 1.5 1.6 1.6 1.6
MW
2017 15 1.5 15 1.5 1.5
MO
2016 1.3 1.2 1.3 1.2 1.3

Inter-annual Depth Distributions
Elevation and Treeline

Elevation s a wellresearched explanatory variable ofwraepth distributions. Peak
depth for all years occurred within the elevation range of the treeline ecotone. Treeline is a
transitional zone from predominately forested hill slopes to more rockyplea operterrain
areas devoid of vegetation. As snowadistributed from exposed upper elevations, the increase
in canopy cover with descending elevation (Figure 10) results in greater potential for canopy
interception. Moeser et al. (2015) used Lidata to shw that the variety of canopy traits (height
andcover) at the interfaces between open and forested areas promote complex and variable snow
accumulation and ablation patterns relative to zones with more homogenous canopy traits.
Grunewald et ali2014), Hoxinson et al. (2012Kirchner et al. 2014 andheng et al. (2016)
have all demonstrated that zones of maximum snow depth occur at elevation ranges below
maximum local elevations. This suggests that downward redistribution of snowpack and
vegetaion trappng in the subalpine treeline ecotone is a uisiaily important snowpack
distribution process and thus needs to be considered both in snowpack monitoring and in
mountain watershed snowpack simulations. Moreover, it has been shown that tnetblene i
WCW has varied markedly over the last century (Mdt&sfand Hopkinson, In Review), which
suggests that snowpack distributions are also likely to vary in response to long term shifts in
treeline.

108



0.7

0.6

0.5

0.4

Fractional Canopy Cover

1250 1450 1650 1850 2050 2250 2450 2650
Elevation (m a.s.l.)

Figure10. Mean fractional canopy cover within elevation claseghe area immediately
surrounding WCW

Dedining snow depth below treeline can be explained by hydrometeorological
conditions.Environmental lapse rates are the thermal gradients of decreasieparatures
with elevation gains, which vary widelg alpine settings (Pigeon and Jiskoot, 2008pde
rates frequently result in temperatures >0°C at the base of mountains while below freezing
conditions exist at upper elevatioh®w elevation melt caalso be enhanced by rain, which
adds thermal enerdgy the snowpackGarvelmann et al. 2015). Thepiographic relief created by
mountain ranges promotes orographic precipitation events, where precipitation is enhanced on
the leeward sides of mountains. As air masses descend the leeward side of a mioeytzam, t
become ghausted of precipitation prido reaching the valley bottoms, thus depositing more
snow in alpine and sudlpine zones than mid and lower elevatigvistt et al. 2015)Elevations
above the zone of greatest snow depth did not produceséstant patteracross the years
(Figure 5). Wiile linear decreases in snow depth with elevation are sometimes reported above
the zone of maximum depth (Grunewald et al. 2014; Hopkinson et al. 2012), seasonal and
interannual distributions influenced bylgnamic phenomem such as wind are unlikely b
consistent at all times. Lidar scans of multiple mountainous study areas have confirmed a variety
of upper elevation sitepecific micraescale effects (Grunewald et al. 2014). Peak erosion and
redistributon of snowpackypically occurs during and imrdetely after snowfall while the
surface layers are less dense than deeper settled layers (Pomeroy et al. 1997). How far
unconsolidated snow is transported depends on shelter, wind speed and potentiaionigstruct
(changes itopography or vegetation) algnhe wind vector after snow crystals are entrained
(Schirmer and Lehning, 2011).

Aspect

Aspectdelineated mean snow depths consistently show south andvsesttfecing
terrain with the lowest mean depthitmnorth and ndheast mean depths being thegest.
Significantly high snowmelt rates in south facing areas relative to those with a north aspect have
been confirmed in many studies (Haupt, 1951; Anderson et al. 1965; Hendrick et al. 1971;
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Rowlandand M o r e, 1 A, 20D4; Jof ét Bl.c200Zhatwave radiation provides the

energy for melt and refreezing which leads to preferential depth loss and potential density gains
in aspects with high radiative inputs (south) versus those with little (norntii(@ and

Swanen 1986; Andersonetal. 1958a) Thi s ef fect holds true at
The slight eastvest deviation from the expected nesthuth stratification in respective

maximum and minimum depths suggests two additional causslanisms are ihiencing snow
depth distributia in the WCW: i)the addition of afternoon sensible heat and longwave radiant
inputs to the snowpack maximizes the net energy receipt, and therefore melt or sublimation,
when solar radiation originates westsofar noon. Theombined increased energy rgtevill

reduce snowpack depth on scwmibst facing slopes but it does not readily explain increased
depths on the nortbast facing slopes; ii) of the Rockies of SW Alberta are prone to westerly
dominated Cmook winds. Theresence of strong winds incitteon west facing slopes has the
potential to both elevate sublimation losses, while depositing blowing snow on tfi@caast
leeward slopes.

Topographic Position Index

Enhanced snow accumulation was expédo occur irtopographic depressions and
dedine as terrain became more exposed. This occurred in each dataset, however the difference
between Upland and Transitional snow depth means were small. These results suggest that the
transport of snow to degssions is a redible and predictable procesdyieh was established by
LopezMoreno et al. (2014) in a study of int@nd interannual snow persistence where
topographic position index received more attention as an explanatory variable of snow depth
thanin previous stuigs

A challenge of using THh snow depth and modelling studies is that depressions vary in
depth throughout a given winter season. Once a depression is full of snow, a relatively smooth
surface is created. After this point the terraatéire will connue to have a high depth, wew
snow loading on top of the smooth surface will not be subject to the same localized shelter that
earlier season snow was. With a variety of topographic depressions throughout a large study
area, they willikely fill at different rates as a function dépression size, availability of snow
for redistribution, and other factors that may influence or intercept the snow while being
transported across the landscape. Schirmer and Lehning (2011) confirmedriohava
analyseghat scale breaks increasetkafn snow storm as small scale terrain features were filled.
While distinct stratifications in depths were apparent for each of the terrain classes (Figure 7),
the systematic decrease in depth expected fignedsion to trasition to upland classes only
occurred in mid winter, with melt onset illustrating slightly decreased mean depth relative to
uplands. It is likely, therefore, that TPl may be an adaptive snow depth driver variable, which is
more importanat the onset adnowpack accumulation in easlyinter but which diminishes in
importance as depth increases across the landscape. Unfortunately, our data only observed mid
winter and melt onset conditions where the snowpack was already established; swrkaos
neededo better understand the dynamature of TPl as a snow depth driver.
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Canopy Cover

As with topographic depressions, some vegetative features eventually become buried
after which topographic smoothing occurs (Schirmer and Lehning, 20&ll)or someof the
short vegetation gets bad during the winter and the surface is smoother than it is in-sffow
conditions, subsequent snow accumulation may no longer be influenced by short canopy in that
area falling within the Open class. Trespgietry and openg patch sizes influence snow
accumulation patterns (Varhola et al. 2010) by creating localized microclimates with unique
wind flows and vectors. Open canopy has greater potential for enhanced redistribution and
ablation by wind and radiah. Total canop cover is lowest at upper elgions (Figure 10), but
the mean snow depth for open cover classes (Figure 8) is usually higher than the mean snow
depth for elevation classes above treeline (Figure 5). Much of the terrain with intermediate
canopy cover haan elevation within 1962100 ma.s.l. (Figure 11), an approximation of the
alpine treeline ecotone within the WCW (McCaffrey and Hopkinson, In Review). Previous
studies of treeline and snow accumulation using Lidar (Moeser et al., 20b8)depths to be
most variable at treeline, aftuis is confirmed visually over a sample area at-wmiigker in2014
(Figure 12) With aspect also influencing treeline elevation (McCaffrey and Hopkinson, In
Review), the distribution of watershadale classizes should beeflected in the sampling wiail
attempting to also capture a representative sampling of elevations and canopy cover strata within
each aspect class.
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Figurel Approximate treeline ecotone elevation zoneD(®2100 m a.s.l.) and canopy cover
classes.
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Figure2. Mid winter 2014 snow depth variability near treeline.

Mean snow depth was lowest in the closed canopy class fiataliets. The closed
canopy supports greater intepdion of snow, increasing the time availabde $ublimation
losses. There is potential to lose&W6 of intercepted snow in conifer canopies to sublimation
during favourable hydrometeorological conditso(low humidity and wind) (Hedstrom and
Pomeroy, 998 Pomeroy et al. 1998). Lodgepole pifénus contortd conifers are the
dominant tree type in the study area. If conditions are not favourable for sublimation, snow
accumulation can increase below closed canopies as the branch loading capacityleslexcke
intercepted snow reaches the groundréased Ingwave radiation emitted from tree stems and
branches can enhance melt, which is likely why the closed class mean is low during melt onset
when temperatures were higher than either of thewmtersuv ey s. Canopy cover 0:
snow accumiation andablation suggest that this variable may be less temporally consistent than
other snow depth drivers and may require further research or an adaptive sampling approach in
an integrated framework.
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Slope

Considering potential slogaduced errorghe highe depth means in the éD 0 class a

likely a mix of genuinely large depths from snow drifts adjacent tovexdical cliff edges, as
well as outlying artefacts from over hanging cornices an@phdamplification due to
horizontal misalignmet. The step slope class represents <2% of the total WCW while low and
intermediate slopes contain 57% and 41%, respectively. Many of the steepest class cells were
eliminated in the quality control step. Hoveg, remaining cells in the steep class may still
possesslopeinduced errors, so the potential for Lidar snow depth measurements bias is highest
in the steep slope class . To some unknown degree, such depth amplification will be mitigated by
negative deth errors that have been set to zero in the initial @gestHowever, further research
is needed to quantify the proportion of cells influenced by such positive and negative bias, as
well as the overall accuracy of depth estimates and in steep slopaig. t€eiven the potential
for bias in the steep slopeask and a general lack of depth differentiation in the intermediate and
low slope classes, these empirical results suggest slope is not a consistent or useful driver of
grid-cell level snow depth.

Public and Lidar Snow Data Comparison

Grunewald & Lehnin@015, and Hopkinson et al. 2012 suggested that public monitoring
sites do not correspond well to Lidar based regional estimates of snowpack vGhumawald
and Lehning (201 5rgpresentaiveeellsiate rather papdenalyr dsstributedaand
cannot be identified a priorio in reference t
monitoring sites where hydrometeorological data is collected. Wh#deement of monitoring
statimslike Gardiner Creek within the treeline ecotone mazesithe seasonal record due to
snow depths being high relative to warm valley bottoms or exposed alpine slopes, such locations
are not designed to represent snow depths or SWE that are charactttticparent
watershedsA network of monitoring steons would ideally capture the full variation in terrain
and landcover attributes, such that they could support accurate spatialization of depths or SWE
across the domains they represent. Howeliessize and cost of a network that would produce
spatially explicit snowpack information for physicalbased water resource assessments would
likely be prohibitive, hence providing further justification for exploring alternative remote
sensingbased mondring.

Conclusion

New approaches to integrating inusihonitoring sites and high resolution spatial data are
needed to advance the goals of physiebliged and distributed water resource and flood hazard
assessment. Airborne Lidar is a viable meamaafitoring spatially explicit snow depth at high
resoluton over critical mountainous source water regions . Lidar snow depth quality control
methods were tested and found to have negligible overall impact on watscsiedean snow
depth. The upper 9ercentile deptinejection approach advocated in thigdy utilizes a
consistent metric that can be applied without the need for calibration, field observation or expert
knowledge. If watershed scale depth is used for modelling or water supply fiorgdéss
guality control method has negligible impactarerall snow storage estimates due the emphasis
on removing statistical outliers. However, if stratified classes are utilized for local scale
estimates, volumes could be skewed at upper elevattstegper slope sites where
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uncertainties are high andtenates of upper elevation snowpack could influence late season
runoff simulation.

Well-established spatial snow depth distribution trends that have been observed with
manually collected and rembgesensed data are confirmed through the analyses peddesrie.

For example, the elevation distribution of snow depths above and below treeline, primarily
driven by orographic processes, lapse rates and wind redistribution, compliments the work of
previausLidar mountain watershed snowpack distribution stuiepkinson et al. 2012;
Grunewald et al. 2014). The occurrence of peak snow depths within the treeline ecotone was
observed across all years sampled during mid winter and melt onset,. Reduceégham d
south and southwe$acing terrain subject to theghest amounts of solar radiation and frequent
winds, , occurred consistently across all datasets. TPI results demonstrated depressions contain
more snow than other terrain types but the strenigiiPbas a driver of snow depth is expected
to diminish hroughout the winter season as depressions fill.. Closed canopies consistently
displayed the shallowest snowpack in miihter, likely due to interception sublimation losses
and higher longwave radian fluxes. Slope results were inconclusive and sulgelias in the

high slope class, suggesting that slope is an unreliable explanatory variable of dedetell

snow depth.

The observed watershadale correlation between the mid winter srumpthdaasets
(Kendall correlation of 0.76, p<0.01) demoasts that dominant spatial snow depth patterns
and drivers during the accumulation phase of snowpack development tend to be consistent across
years. The correlations between mid winter and oredet(0.68 and 0.65, P<0.01) are lower but
also indicate thadlominant drivers and patterns act throughout the winter season regardless of
the accumulation or ablation trend. These are encouraging results that suggest thabasklar
snow depth samplgandimputation routine could produce a viable and time ifficsnow
depth monitoring framework. Integrating Lidar and continuous, automated data streams has the
potential to enhance monitoring networks by increasing temporal and spatial availalititg of
in highly complex and hydrologically productive landsesyp

The spatial, seasonal and interannual consistency and variability in snow depth driver
classes presented here provide the basis for: a) designing a meranthueseffective Lidar
snowpak sanpling strategy; and b) extrapolating watersféde snowdepths from Lidar
sample datasets using spatial imputation techniques. These two objectives, combined with
spatially explicit watershedcale snow density modeling, will be the next steps ildibyg this
research into an operational snowpack monitonmagméwork.
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SPATIAL AND TEMPORAL CONSISTENCY OF MAC HINE LEARNING -BASED
IMPUTATION OF SNOWPACK DEPTH WITHIN AN OPERATIONAL LIDAR
SAMPLING FRAMEWORK

Cartwright, K., Mahoney, C., Hopkinson, C.

Abstract

Airborne Lidar can support high resolution waterskedle snow depth mapping that
provide the spatial a@rage necessary to support water supply forecastsdamtainous
headwaters. Thisesearch utilized Lidar and machine learning to evaluate snow depth drivers
and assess the feasibility of sampling datasets for the spatial imputation of snow depth to the
watershed scale under mid and late winter conditiansgel as at the onset of mieSnow depth
raster models in continuous integer format proved to be the fastest type of input data to
implement a random forest depth simulation. Models of waterstael snow depth developed
from spatially constrained fligHine training samples coregged with more spatially widespread
Lidar snow depth test data but were outperformed by models generated from training data
sampled across the entire watershed. All ranttoest simulations produceévalues ranging
from 0.41 to 0.61 and RMSE values fro0.7m to 1.0 m (p<0.05). By evaluating the
performance of snow depth drivers within each of the random forest simulations, it was found
that aspect and topographic positiodex were consistently ranked as important drivers
recardless of seasonality. WliLidar sampling and machine learning imputation is shown to be
a viable framework for mountain snowpack monitoring over extended source water regions,
work is needed tomiimise flight path sampling configurations.

Introdudion
Snowpack Monitoring

Mountainous terrain is highly complex and the seasonal snow that accumulates in these regions
exhibits large spatial variability as a result. This variability can limit tharacy of spatial snow
depth modelsErxleben et al., 22; Pomeroy et al., 1997Models can be valuable prediction

tools based on a small amount of input data to fill in spatial data gaps over a broad area.
Understanding water storage by seasonal snesgscially important in regions where major

rivers starin the mountains (Byrne af. 2006). Snow water equivalent (SWE) is the variable
desired for modelling water resource availability and it is the product of snow depth and density.
Density can be sapted in the field and has the potential to be modédtiech

hydrometeorological dafdonas et al. 2009). The localized range in snow depth can exceed four
times that of density (Dickinson and Whiteley, 1972; Steppuhn 1976), thus SWE values are more
sensiive to snowdepth variations than density. It is thenefimportant to prioritize ame- and
costefficient means of acquiring sneglepth data over density.
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In-situ data collection is challenging in mountains due to logistical access and safety dsnstrain
In Alberta, sonic rangers measure continuous sahsoow depth, while SWE is@asured by

snow pillows. These technologies are automated and typically record values at time increments
of 15, 30 or 60 minutes. Both depth and SWE values are also edli@etnually once every3!
weeks, at snow course sitedjich are often céocated o at lower elevations than the automated
stations. Snow data are currently measured at approximately 12345 sites across the mountain
headwaters of Alberta, equating to agté measurement per 54321 %mvhich limits the

produdion of reliable water supplprecasts. Should climate warming and headwater snowpack
trends continue to change, the current snowpack monitoring network in Alberta may not be
sufficient to inform futwe water supply predictions accurately.

Lidar and Snowadk Measurement

The use of aborne Light Detection And Ranging (Lidar) data could improve the current
availability of headwaters snedepth data. Lidar is often used to collect baseline terrain data
and can be an effective environmental monitoring dat@ceathat is gaining populdyias a

snow depth measurement tool (Grunewald et al. 2010, Banos et al. 2011, Lehning et al. 2011,
Hopkinson et al. 2012, Grunewald et al. 2013, Bhardwaj 2016, Zheng26tlél LopezaMoreno

et al. 2017). Considering the highriability of snow depth diributions and the infeasibility of
collecting spatially explicit and landcovegpresentative data manually, coupling Lidar sourced
snow depth models with density datdl\ywrovide more spatially complete and accurate
headwagr SWE estimates than is cantly possible using traditional methods.

Lidar data can provide dense point c¢clouds,
from which high s)pnawdegh canrbe derivédwithidecimetér Gcturany
(Hopkinson et al. 2004). As Lidalatasets are generally acquired over kmapdes (relative to
field campaigns) they are capable of providing tens or hundreds of millions of depth
measurements from a D81 (Lidar Snow Depth Model), significantly greater ththe hundreds
or thousands gboints from an intensive field sampling campaign (Elder et al. 1998).

Lidarodos ability to make observations quickly
and measrement resolution are considered, asiin measurenmds can introduce spatial lsia

through safety and ease of access constraints. However, Lidar data acquisitions over large areas
require favorable sky conditions for the mission duration, with costeasimg for longer and

larger survey missions. Althoudghdar data have demonstratediability for terrestrial surface

mapping, field measurements remain invaluable for calibrating and validating observed products.
Deems et al. (2013) and Bhardwaj et(2013) both provide further explanation of Lidar as a
cryospheric measurement taoid the inherent challenges associated with the use of this

technology in mountainous zones.

Typically Lidar data are acquired wad-wall over the entirety of a study sjthowever, recent
studies note the potential to uskidar sampling (i.e. not covering the whole study area)
approach to model the complete extent of a study area. This tevacefirst addressed in

Alberta by Hopkinson et al. (2012) who adopted a sacgumulation unit approach to

modelling, where terraiand land cover class means were determined with Lidar transect sample
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datasets and extended over larger, unsampled aaesad bn the physical attributes of the terrain.
Such an approach, in conjunctiwith sophisticated machine learning models, has atenpal

to reduce the costs of Lidar surveys whilst providing s@ivall snowdepth products with
minimal reduction iroverall accuracy.

Snow Depth Modelling

Since the inception of snow depth a5 modelling, primary methods used have been

multiple linear regression (MLR; Golding, 1974; Elder et al., 1991) and binary regression trees
(BRT; Elder et al. 1998; Balk & Elde2000). These techniques have a history of variable
success in the predictiaf snow information (
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Table9) and can determine the order of snow dep#digtor variable importance (as measured
by the contribution of the variable to overall model accuracy) and apply those statistical
relatiorships in a predictive modelling context. This has bedneved primarily through using
different combinations ofariables, power functions of variables and/or interactions with
variables to see which produces the best model, rather than determinikgdhoeder of
predictor variables ability to explain smalepth distribution.

Early multiple linear regression (MLR) studies typically focused on SWE, instead of depth. The

first documented regression model for predicting snow accumulation was develd9éd in
(Kudézmin, 1960) wusi ng realéforesi gudy ace®ubsequent studigs RU S S |
utilized MLR with multiple ancillary datasets as predictors (elevation, topographic position

index, aspect, slope and forest density) to produce a modekiiatned 48% of the variability

in SWE (Golding, 1974)A similar approach as applied by Lopekloreno and NogueBravo

(2006) who used elevation, elevation range, radiation and two location parameters to explain

50% of SWE variability.

Binary regressiotrees (BRTS), a type of decision tree, are anothenoamstatistical method

applied in snowpack modelling. Further details on BRTs and their use in snow depth and water
equivalent modelling are described by Molotch et al. 2005, Breiman et al. 1984eEddlet995

and 1998, Balk and Elder 2000. IndividBaR T 6 s t y p bettea redults forydistabluteld

snow depth and water equivalence estimates than other methods, including MLR (Molotch et al.
2005). An advantage of decision trees over MLR is thé&rpretability, as well as their capacity

to handlemore predictor variakl distributions (e.g. skewed, normal, etc.) and formats (e.g.
continuous or categorical) than MLR, for which a primary assumption of the technique is that
distributions are contuous and normal (Kuhn and Johnson, 2013).

These studiesepresent a crossedion of MLR and BRT applications to snow pack modelling,
using different variable combinations, with varying success (e.g. Hosang and Dettwiler, 1991;
Elder et al. 1991. Chang ahd 2000; Erxelben et al 2002; Winstral et al. 2002Z)lddch et al.

2005; Jat et al. 2007). Across a subset of the body of literature, MLR and BRT approaches have
explained 180% of variation in predicted snow depth or SWE products (TabledBx

(temrestrial or airborne) featured in only three of theeered studies, all aivhich were

published in 2010 or later, suggesting the adoption of Lidar for such work is still in its infancy.
One Lidar study employedLR techniques in tandem with Airborne Lidsnow depth data
acquired from around the world (Grumad et al. 2013). Lidr snow data were favoured over
interpolated raster surfaces from relatively small field data sets for snow depth modelling. With
LSDMs from around the world, the authors compamealw depth drivers in a variety of
mountainous zones®oss the globe. Thegoncluded that universal, globally applicable snow
depth models do not exist and that predictor variables interact in such a complex manner that
predictor importance is often sigpecific, corroborating the research of oti{dslotch et al.,

2005).

The omplex nature of snow, terrain and microclimatology is perhaps one of the greatest
challenges to establishing replicable snowpack modelling routines, despite impressive
technologcal advances in data collection, processing and asalysr recent decades.
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Considering the logistical challenges associated with collecting robust datasets manually,
optimized Lidar sampling has the potential to support distributed watemsheztjion&-scale
snow models of sufficient detail and accuraayrheaningful water §aply predictions.
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Table9. Summary of snow modelling studies.

2010

slope, max SWE, wind speed

Author and Year | Data | Method | Variables Results (%)

Elder et al., 1998 | Field BRT solarradiation, slope angle, elevation 0.6-0.7 (snow depth)

Balk andElder, Field BRT net solar radiation, elevation, slope, 0.54-0.65; 0.660.85

2000 vegetation cover type (snow depth)

Erxleben et al., Field BRT elevation, slope, aspect, net solar asidin, 0.180.30 (snow

2002 vegetation depth)

Winstral et &, Field BRT upwind index, drift delineator, elevation, sol{ <0.4; 0.560.60 (snow

2002 radiation, slope depth)

Marchand and Field, | MLR elevation, aspect, curvature, slope 0.5-0.48 (snow depth)

Killingtveit, 2005 | Geodar

LopezMoreno Field BRT elevation, elevation range, solar radiation, | 0.150.70 (show

and Nogues slope, location (to seas/oceans, elevational| depth)

Bravo, D06 divide)

LopezMoreno Field MLR elevation, elevatio range, radiation, slope, | 0.51-0.58 (show

and Nogues location (to seas/oceanseeatonal divide) depth)

Bravo, 2006

Lehning et al., ALS MLR elevation, fractal roughness >0.70 (show depth)

2011

Grunewald et al., | ALS MLR elevation, slope, northing, wind, surface 0.27-0.90 (snow

2013 roughnes depth)

Golding, 1974 Field MLR elevdion, TPI, aspect, slope, forest density | 0.48 (SWE)

Elder et al., 1991 | Field MLR elevation, slope, radiation 0.27-0.40 (SWE)

Molotch et al., Field BRT elevation, slope, aspect, northness 0.280.41 (SWE)

2005

Plattner et al., Field MLR elevation, cwvature, distance from ridge, 0.41 (SWE)

2006 shelter

Jost et al., 2007 | Field MLR elevation, aspect, forest cover, solar radiati¢ 0.830.88 (SWE)
temperature

Litaor et al., 2008| Field BRT upwind index.elevation, slope, aspesippe | 0.850.91 (snow depth
aspect topoclimatic irek, solar radiation, and SWE)
plant biomass, species richness

Grunewald et al., | TLS MLR elevation, slope, aspect, radiation/elevation| 0.30-0.40 @aily

ablationrates)

Random Forest Models

In mountanous environments, there are many driving mechanisms which interact at a variety of
spatiotemporal scales to produce an observed snow depth distribution. Relationships between

snow depth and independesariables areften nonlinear, which complicates ti#ional

predictive modelling approaches (Anderton, 2000; Nodgraso, 2003). Random Forest (RF) is
a nonparametric algorithm that creates ensembles of decision trees. Predictive variable order

importance of snow epth controls in the Spanish Pyrenees een determined with RF
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(LopezMoreno et al. 2017) and it has also been used to quantify snow volume and predict snow
depth errors (Tinkham et al. 2014). Random Forest has recently been used towapver

extert with freely available synthetic aperéuradar data (Tsai et al. 2019), at a 100 m grid cell
resolution. Identification of hydrometeorological sensor sites for integration with Lidar snow
depth data in three 1 Knareas has also been acfaié recently (@oza et al. 2016). Random

Forest has and currently utilized in other disciplines, in the pursuit of time and cost reductions,
such as wetland mapping (Amani et al. 2019; Chignell et al. 2018; Wang et al. 2015) as well as
crop yield monitoing (Jeong eal. 2016). The combination of RF and sndepth predictions
remains relatively unexplored compared to the traditional methods of MLR and BRT. A novelty
of this research is that we utilize extensive datasets (18Batra high resolution (3n

compared t@revious work where smaller study areasl/or lower resolutions were employed,

for modelling snow depth rather than snow covered area. This paper also provides
recommendations for optimal input data format to guide future modelling efforts.

Objectives

Thecurrent study aims to build a foundatitor the operational production of largeale snow

depth models in a mountainous headwater environment through the application of innovative
machine learning methods and airborne Lidar data. Morethisrstudy wi compare modelled
snowdepthresultssfom mul ti pl e years to demonstrate the
These are achieved though addressing the following objectives:

1) Use of RF to model snow depth and assess prediction accurdeymidwinter and
melt onset conditions

2) Assess the gwistency of inteannual and seasonal predictor variable importance; i.e. do
watersheescale snowpack depth controls vary through time?

3) Determine the feasibility of using Lidar snow depth sample ditdsrhigh-resolution,
spatial imputation

4) Optimise tle RF snow depth modeling approach by exploring trade offs between
computation time and output quality as a result of training data sample sizes, input raster
type, raster resolution and input data gyalontrol methods.

Study Site and Data
Study Site

Add general description of the site, and some characteristics.

The West Castle Watershed (WCW) study area is in southwestern Alberta, Canada, along the
continental divide (Figure 1). SituatedSoutherrAlberta near the CanadaJS border, the 103
km? WCW is a subwatershed of the Oldman River Basin from which ~8af%nnual runoff

yield is derived when combined with the neighbouring South Castle watershed (Kienzle and
Mueller, 2013). With the West ar@buth Castle combined to create the Castle Riversyisiem
represents the 3rd highest yielding s#sin in the 26,000 knd Oldman watershed.
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Figure 3. The WCW is southwest of Calgary, Alberta, with the west and south édges o
watershed following the continental divide betw&gitish Columbia and Alberta. All surveys
covered thessame extent except for the March 2017 flight lines.
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Lidar

Multiple Lidar datasets were acquired over the West Castle Watershed (WCWALSiNg
3100EA (2014) and Riegl Q1560 (2016 and 2017¥senflown aboard a Piper Navajo twin
engine survey airaft. All missions were planned at a median altitude of 2000 m a.g.l. with 40
degree total field of view, 50% mean swath side lap, and sampiedasisity >2 pts/f A

snowoff acquisition was condted October 18, 2014 survey when perennial snow w#s at i
minimum. To produce snown digital snow surface models (DSSMs), further airborne Lidar
surveys were conducted February 24, 2014 {wirder), April 7, 2016 (melt onset), February

13, 2017 (miewinter) and March 20, 2017 (late winter).

Methods
Lidar SnowDepth Models

A 1m raster snovoff digital elevation model (DEM) was generated using a triangulated
irregular network (TIN) procedure in Surfg@olden Software, Colorado, USA) from the
October 2014urvey following data cleaning and ground slisation using Terrascan
(Terrasolid, Finland). The same cleaning, classification and raster procedures were followed to
produce the snown DSSMs. Th®EM data were then subtracted from the DSSM data to
gererate a 1m raster Lidar snow depth model (LSEdvieach of the winter acquisitions (Eg 1).
Further discussion of the processing and validation of these lidar snow depth datasets is provided
in Cartwright et al. (In Review) and Cartwright (2019).

LSDM = DSSMi DEM (Eq 1)

The extent of the LSDMBom which snow depth training data were taken is shown in Figure 1.
Three LSDMs covering 103 Knand a fourth dataset covering the extent of two fligad

(Figure 1) exist for the WCW. Two of the datasetse collected in February, corresponding to
mid-winter (MW) conditions, and the third dataset with complete watershed coverage was
surveyedatm|l t onset ( MO)-l i Tiles 6s a eapthexresudtofia Planhed w

full survey in March 2017 heg interrupted by a rapid weather change, resulting in single flight

line swaths over the east and west boundaries of the WCW in late wintgr (LW6 WCW&é her e
refers to data covering the entire watersh, whereas O6FL6 refers to sa
flight-line extent (Figure 1). Each 1m LSDM was processed as per Hopkinson et al. (2012) and

the canopy cover raster was calculated as a ratiaradpy returns to all returiiBarilotti et al.,

2006)(Eq 2).

Fractional Cover = Canopy Returns / All Retsir (Eq 2)

Lidar snow survey root mean square errors (RMSE) of a decimeter have been reported
(Hopkinson et al. 2004; Grunewald et al. 2010; liegret al. 2011), with accuracy generally
highest in aras of open canopy but RMSE values ranging up to 0.3m Ibeen publishedeist
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and Stotter, 2008; Moreno Banos et al. 2009; Hopkinson et al. 2011; Grunewald et)yal. 2013
Field validation for miewinter 2014 at elevations <1450 m a.s.l. produced a RM$SE23fm
while a slightly lower RMSE value of 0.25 m walsserved in 2016 for depth validation across
the 1700 to 2100 m a.s.l. elevation range. Combined with thedeelimented accuracies of
airborneLidar for snow depth, we are confident these data sepiteypical contemporary lidar
snow depth model quayit

Given he tendency for sample distribution ails to represent outliers, all LSDM data beyond the
99" percentile value were removed tom mitgagainst outlier influence | subsequent machine
learnng modeling steps (see Cartwright et al. In Reviewaforore thorough description). This
approach was adopted, as the objective is to develop a snow depth imputation routine that is
generally appliable to the watershed as a whole rather than accuchiatgcterising the

behaviour of statistically outlyinigehaviour. Many outliers occur on steep slopes or along cliff
bands where the topography causes problems due to an extreme incidence angiai@uring
collection (Hodgson et al. 2005; Zheng et al. 20¥%ith the upper 1% of data eliminated, we

are more cofident in data quality, as we avoid assigning erroneous depth values to places where
there may not be any snow, as could occur if thresholdiragpth.

DEM, LSDM and Canopy Cover raster data layeese all generated at 1 m and then
bilinearly resamplé (postquality control) to yield 3 m products. Executing modelling steps at
the watershedcale on 1 m resolution data was computationally gierand unnecessary given
the of developing a practicalorkflow for operational use in snowpack mapping ammhitoring.

With higher resolution data, the noise level is inherently increased and a larger training data
sample is required to adequately reyare study site characteristics. A 3 m resolution datase
mitigates noise and may better integrate with ctitngdrological models, given resampling

from high to low resolution is more feasible than low to high. The use of 1 m datasets for snow
modellingwas not considered computationally efficient for wdtedsor regionaiscale (>100

km?) operational estimated snowpack volumes.

Remote Sensing Derivatives

Resampling rasters derived from neighbourhood functions such as aspect, slope and Topographic
position index (TPI) can changevalues in the process @wcan potentially create surfaces that
misrepresent teiterrain attributes (Kienzle, 2004). For this reason, aspect, slope and TPI were
calculated after generating the resampled 3m DEM. Slope wadated in degrees using Eq 3.

TPl is a measure of tefraconcavity (depression), convexity (upland) or traosal terrain. It

compares each DEM grid cell to the mean of surrounding cells in -@efeed window, where

the mean of withirwindow grid cdls (M) is subtracted from the central grid cell elegat{E)

(Eg 4) Small windows can create unnecessargitefthin the TPI layer yet large windows

simplify the relief(LopezMoreno et al. 2017)or this analysis, a TPl window sizes of 100m

was usedSee Cartwright et al. In Review for an | depth dismrssf the TPI window choice).

Sl ope (e)e/mnarctan( ris (Eq. 3)
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Random Forest Workflow

Random Forest (RF) is a nqarametric decision tree ensemble method that interrogates

reference andorresponding predictor data units to maximise information gain (Breiman, 2001).

RF canbe employed in classtfation or regression modes, the former predicting labels to be

assigned to any given target, where the latter predicts numerical outputssigned RF

employs a sophisticated data splitting process that gives it machine destatims over MLR or

BRT algorithms. BRT and RF methods are similar in that they both rely on decision trees with
binary O6nodesd connect ethBRTyforntsbnlyasingl gee, RF Ho we v
6growsd6 multiple tr eeanployiRgadatasetdhexisibitgbetlqui re tr a
reference and predictor units, a trained RF model is the basis of inferring predictions from other
predictor units not employad model training. Regressidmsed RF methods, employed here,

impute estimation unitof a given target bas&uh stored reference units related to predictor

units in a trained RF model.

To train a RF model, first, a parent dataset (containing referewicgradictor units) is randomly

sampled (with replacement, defined as bootstrappirg)yatio of 2:1 to defia training and

testing datasets, respectively. The training data are used to grow a single decision tree through
iteratively splitting predictounits based on information gained about corresponding reference

units, known as node sping. This is achievé by imposing a binary threshold across a single of

mul tiple o6mtryéd randomly sampled predictor un
information gain is selected. Unused predictors at a given node do not influenceaedult

increase computanal efficiency. After splitting, each node produces two branches (left and

right), both of which link to independent nodes where the spliftiogess is repeated. Node

splitting is repeated until a predefined information gaingioéd is not exceedegdroducing a

termination node (or leaf) that is split no further. Once all leaf nodes are finalised the decision

tree is complete. The decisioete gr owi ng process is repeated 061
grown from a differenbootstrap sample, torfim a trained RF model (Cutler, 2007). The

predictor units from each testing data bootstrap sample are passed through each decision tree to
assessnodel prediction accuracies and predictor variable importance.

To obtain predictions &m a RF model, predictaunits from targets where no reference
information is available are submitted to the trained model. These predictor units follow a
pathway throgh each decision tree based on the splitting criterion at each node to arrive at leaf
nodes. The mean of eachtienation unit (one from each decision tree leaf node) provides the
final predictive output for the given target. This is repeated for eaclt targeld a final

prediction dataset.

A benefit of RF over BRTs and MLR is its ensemégigroach which offemiore stable models

and variable importance assessments (Kuhn and Johnson, 2013). RF differs from other statistical
modelling techniques in that it does not rely on statistical sigmife (as in MLR) to determine
predictor variablemportance (i.e. the eribution of each predictor to model overall accuracy).
Importance in RF was determined using the R statistical software program using the
6randomFor est 6 pack 2)pg\ariapleimporanca was as¥éssedbasedon 2 0 0
mean squared error (MSE)utputs, which represent a comparison of how the MSE of the
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original bootstrap sample changed when variables were permuted. When a variable is important

to a model, permuting values fitrat variable over the dataset will negativefget predictions.
Thismetric is given as A% I ncrease MSEO, derive
before and after predictor permutation, then finding the percent change between the MSE values
(sometimes greater than 100%) (Breiman, 2002).&r ger 06 % idemonsteateshew MS E 6
much the model accuracy has degraded due to the removal of a certain predictor, the greater the
MSE, the more important the variable.

Five predictor variables wereed in this study (elevation, aspect, slope, gogpehic position

and factional canopy cover), all of which exhibit importance in modelling snow accumulation in

the Albertan Rockies (Golding, 1974b; Chang and Li, 2000; L-op@zno and NogueBravo,
2006;Marchand and Killingtveit, 2005; Grunewald et, @013). All RF modelsvere trained,

and predictions made usingh e O6r andomForestd® package for the
software Liaw & Wiener, 2018.

Model Optimization

The two maininterngh ar amet er s émtryd and o6 nmodesséusingc an be
model taining. Additionally, the format of input predictor data (as rasters) has been noted to

influence model training and prediction times, and accuracies (Mahoney et al. 201€). Ras

format influences the amount of storage space regjiBenhamCarter, 1994)making it

important to assess how using integased rasters as modelling inputs, which occupy less

memory than floating point data, could affect processing time and tesults

Before random forest models were applied to each daadextent (WCW andLf, the impact

of training data format and sample size, and forest size (ntree) was assessed as a function of
processing time and model statistics.. Summary statistiaadRRVISE (root mean square error)
were calculated from the cqrarison of training datreference units and predicted snow depths
(estimation units) from the same X, Y locations. These metrics were used to assess model
performance, and provided an opportunityfre thorough assessment in the workflow
optimization.A model was deemed optal when highest Rvalues and lowest RMSE values

were produced. As RMSE is an absolute measure of correspondence between two variables it
was considered more important thahifRdetermining optimal models. In the event of multiple
models yielding idential RMSE values, the model with the greatémRs deemed optimal.

These trials were carried out with the Melt Onset 2016 data as later season snowpacks are more
homogenous thagarlier distributions, reducing variability in the inpl#ta (Lopezavioreno,

2017). Table 2 summarises the model optimization trails conducted.
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Table 2. Description of exploratory optimization trials conducted for snow depth modelling
using random faast.

Trial Description

Ntree The number of trees growmudng RF model trainingan affect model
accuracy and training time. Optimized model will yield high accuracies |
short amount of time.

Data format All floating point variables wereonverted to integer by multiplying by 10
and removing decimals. Integdata require less mery than floating point
equivalents and theoretically take less time to process during model tra
Integer data were further split in to discrete classestenach class
represented a range of continuous data. This potentighisoves
computationatime, but may adversely affect model accuracies. Continu
integer vs categorical class input data formats were evaluated.
Training data | Smaller training data samples can be processed more quickly and effic
sample size However, fewer samples yig¢lmodels with reduced accuracies.

For ntree analyses, values of 100, 250, 500 and 1000 were used to train an RF model based on
(Green boxes in Figur®), a parent dataset consisting of 50,000 samples from the 2016 WCW
extent LSDM,in continuous integeiofmat. The LSDM (reference unit) was multiplied by 10 to
produce whole number snow depths and rounded to the nearest decimetre. A similar approach
was gplied to all predictor units with the exception of TPI, where the maximum megatiue

was added tollaTPI cell values before the multiplication and rounding steps. This removed
negative values and produced a common data format for all driver vaeaiéeed into

subsequent R script implementation. A further trial was perfornitbddiscretely classiéd

categorical data inputs (described in Cartwright et al. In Review), to assess whether the reduction
in memory requirement (Bonha@arter, 1994) wouldeduce processing time.

132



Determine optimal Create continuous Choose raster
forest size (Blue and classified format and sample
steps below) with [—| integer format - sizes for full
continuous integer rasters from workflow (Blue and
data floating point data orange steps)

Stack LSDM and Create matrix of

Depth Drivers for Specify size of depth and driver
> »-{random sample for —p| attributes at each
desired season S
the raster stack X, Y location in

and data extent

random sample

\J

Use model to
make snow depth Save friodel and Implement rgndom
predictions for |«s e <—| forest function on

SALE model statistics .
each tile in study matrix

area

\
Mosaic tiles to

create a single Assess correlation
raster of RF »| between LSDM
predicted snow and RF SDMs
depth

Figure 2. Random forest modelling workflow.

To detemine an appropriate sgle size of training points with respect to processing time and
correspondence between training and predicted data, trials using 50,000 (0.44% idf Qsgr

in the WCW) and 100,000 (0.88% of 3m grid cells in the WCW) points fhenWCW were
conductedOnce a suitable sample size for the WCW was determined, the same proportion of
WCW training points were used to identify the sample size of trairimggfor the flight lines

to ensure consistency. To sample the training dagtersavere stacked by XY coordinates and

a random sample of points was taken across the entire data spatial extent. This step identifies a
6seedd val ue tndomeXn¥slacatiens drensempledafon eachrdata extent, and

does not specify thaampling contains a cain amount of snow depth driver attributes (e.g. X

% of sample must contain north facing terrain), to ensure a true random selection. The randomly
sampéd data points determine the range of values for each snow depth driver (Fitpateade

used as inpg for creating the final random forest modélsedictions were made over a ~20%
subset area of the watershed for exploratory optimization (numberesf taster format and

sample size) trials
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Figure 3. Snow depth drivelasses for the WCW exte Class stratifications illustrated here are
categorical for illustrative purposes. Model simulations were performed using common
continuous integerrtver data formats.
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Once optimal models for all trial were determined, they wieszl for predictive pposes.
Predictions were made for tiled subsets of the full WCW extent, which were subsequently
mosaicked to create a single, seamless predicted sndwrdsfer for the WCW, from which
correlation and summary statistics (mean, maxmudepth etc.) were daimined.Model
performance was assessed by three statistics at the watershed%&lléSR and Pearson
Correlation Coefficient (PCC).Fand RMSE are calculated from training data and
corresponding predictions (RF bootstrap sanmpkesd PCC values arexdved from independent
samples sourced from the comparison of Lidar derived LSDMs and RF predicted SDMs (snow
depth models) whilst maintang the same sample size. Data points for LW 2017 PCC were
limited to the zones of overlap theeen the WCW and LW A7 flight-lines, whereas other PCC
data were randomly sampled across the whole WCW as both the original Lidar and predicted
layers exhibithe same extent.

Results
Ntree Optimization

The influence of ntree on model accuracy, as destby R and RMSE, ad computation time

is assessed from multiple RF models, each trained with a different value of ntreé.aftte R

RMSE of each RF model (derived between training and corresponding predicted points) are
identical regardless of the niver of trees used in natel training (Table 3). Thus for the current
dataset, a RF model trained using 100 decision trees yields adequate accuracy with minimal time
cost. As ntree increased, processing time for model training also increased. RMSE calculated
between sow depth cormparisons and is expressed in meters. As the precision of the derived

Lidar LSDM products is accurate and rounded to +0.1 m, RMSE values were also rounded
accordingly.

Table3. Forest size (ntree) RF model optimization as a functfonarlel accuracy and
computational time expenditure for a subset of the watershed.

ntree R? RMSE Time (min)
100 0.61 0.5 83

250 0.61 0.5 159

500 0.61 0.5 202

1000 0.61 0.5 275

DataFormat & Sample Size Optimization

50,000 and 100,000 randomly sampbeinhts from continuoufioating point and integer, and
discretely classified categorical training datasets were used to train RF models and assessed for
model parsimony. In general, shealtraining datasets produce models more quickly with similar
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measues of accuracy (Tablg SSimilarly, models trained using integer data are completed faster
than with floating point data, with broadly similar model accuracies. Although categorical data
exhibits a faster run time than continuous integer data, méaedsRreduced. The choserodel

used a dataset of 50,000 points in continuous integer format, yielding a compromise between
computational run time and most accurate model statistics (TaN&rdnal variation in RMSE

and Rwas observed for trials with contious data. While a gt improvement in model

performance was realised with 100,000 training data points, this doubling of sample size resulted
in a 4.3 fold increase in run time (>1Bhfor a small subset of the watershed.

Table4. Outputs and timin@s a result of inputata type and point count for a subset of the
watershed.

Raster Format n R? RMSE Time (min)
Floating Point 50,000 0.61 0.5 140
Continuous Integer| 50,000 0.61 0.5 79
Categorical 50,000 0.56 0.5 18
Floating point 100,000 0.63 0.5 606
Continuous Integer| 100,000 0.62 0.6 602

WCW and FL Data Distributions

For the simulations at watershedale, the random sampling of the two data extents (WCW and
FL) resulted in relatively similar proportions of each snow depth driver class in tigepec

training datasetsompared to the proportion of grid cells each class occupies at the WCW scale
(Table 5). Elevation, TPI and slope classes are well representedifCi¥\étraining data.

Notable deviations from the watershed proportions are prestrd WCW for the interrediate

and closed canopy cover classes, where intermediate cover wasaoyged by 7.7% and

closed canopies were unesampled by 8.3%. The WCW splad data contains fewer grid cells
that face northeast (4.8%) and a greater amaiumbrthwest facing teain (4.9%) compared to

the entire watershed. The FL sampled data exhibits a higher proportion of elevation classes
above 1700 m a.s.l. (above seeelg as well as below 1400 m a.s.l. Open canopies were
oversampled by the FL samplempared to the otheoeer classes, likely due to the location of
the FL data, near the watershed boundaries, which exhibit higher elevations (near and above
treeline) andare therefore less likely to exhibit dense canopies. Slope and aspect classgs train
data proportions coesponded best with watershed class percent areas. TPl was poorly
represented by the FL data with 98.1% of the training data coming from uplaaitlsaag

artifact of the high elevations over which the FL data were acquired nesatieshed

boundaries.
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Table 5 Relative sample coverage for each WCW snow depth driver class in the training data.
Note, RF model applied at watershed scale using conimirdeger driver data. Categorical
bins presented below for comparative purposes.

o % of 0
. 6of | wew % of FL
Driver Class WCW L Training
area Training Data
Data
<1400 1.4 1.4 3.0
14001500 | 9.5 9.6 6.0
15001600 |11.5 11.8 4.8
16001700 |11.3 11.2 9.3
17001800 |11.7 11.7 12.1
£l . 18001900 | 11.6 11.7 12.6
(me‘éas“f’;‘ 19002000 | 126 | 12.5 124
20002100 |11.3 11.1 12.2
21062200 | 8.7 8.6 10.6
22002300 |6.0 6.0 8.9
23002400 | 3.3 3.2 55
24002500 | 0.9 0.9 2.1
25002600 | 0.2 0.2 0.4
Open 33.2 33.9 46.4
Cover Intermediate 33.2 40.9 36.9
Closed 33.6 25.3 16.7
Depressioa | 25.3 25.5 1.5
TPI Transtional | 38.7 38.3 0.4
Uplands 36.0 36.2 98.1
N 51 54 53
NE 17.6 12.4 12.8
E 17.7 17.7 14.3
Aspect SE 15.4 15.3 12.9
S 7.9 8.0 12.2
SW 11.5 11.9 12.4
W 14.1 13.5 14.7
NW 10.8 15.7 15.5
0-30 58.5 58.6 53.0
Slope 30-60 39.8 39.7 44.7
60-90 1.7 1.7 2.3
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Inter and Intraannual Predictor Importance

Predictor importance was obtained for each RF model ssimpgorally distinct reference (Lidar)

data and compared as a function of time to ascertain if certain predictoconsistently more

important than others. Under midnter conditions, aspect was the most important predictor for

both 2014 and 2017 (Figa#a). TPl was among the top three variables, lisfen@st important

for 2014 and ¥ for 2017. Elevation the 29 highest impaiance for 2014, but was less
importantthan8r anked sl ope for 2017. Elevation and a
conditions were much greater than other predictors.

For the flight linebased predictions, where data fromyaars were restricted the spatial

extents of the flight line datesacquired during 2017, aspect and TPI were consistently among
the top three drivers for each dataset (Figure 4b). Slope displayed higher importance than cover
or elevation under mivinter conditions wheredate winter and melt onset importance did not
have slope in the top three. Elevation was only in the top three drivers for late winter and melt
onset data when training data was extracted from the-fligd. It is important to awsider that

for the FLbased trials, the proportion of training poitdasyrid cells in the LSDM was kept

constant to the proportion utilized in WCW based trials. The use of fewer training points for FL
trials as well as having different extent of dataample from (Table 5;i§ure 1) may influence
importance results.

WCW: Variable Importance
400

350
300
250

@
LEE 200 MO 2016
® 150 MW 2014
100 MW 2017
50
0
Aspect Cover Elevation Slope TPI
Predictor
Figure 4a MSE values for input data from the

represents better predictive capability (see text).
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FL: Variable Importance
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Figure 4b MSE values for input data from thgtt line (FL) samplextent.

Random Forest Snow Depth Model Assessm

Snow depth model (SDM)®RFigure 5) was consistently higher for WCW based training data
compared to the flighine data (Table 6). The best ®.61) values occur under melt onset
conditions. RMSE valuesdicate the same absolute error (0.7m) acatis8/CW data extents,
with similar values for MW and MO conditions to FL sampkesed models. The?for LW

2017 is low (0.41) and RMSE is high (1.0m).

Models based on FL sample data mimost 3.5 times feex than those based on full watershed
trainingdata (Table 6). However, as expected, modelrRl RMSE statistics indicate that full
watershed models yield superior results. In general, melt onset models from WCW training data
yield more accurate modelsan midwinter, however, this is not true foL samplebased

models. These observations indicate that sample location and timing are of great importance
when constructing a Liddrased snow pack imputation framework.

Table6. Workiow timing, model perfonance and depth correlation data using Pearson
Correlation Coefficients. All results are significant at the 95 % confidence level (i.e. p < 0.05).

Data 2 Time
Extent Season | R RMSE (min)

MO

2016 0.61 0.7 236
WCW

MW

2014 0.47 0.7 252
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Figure 5. West Cstle Watershed and Flig-line trained Random Forest Snow Depth Models.
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