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Abstract

The Alberta Rocky Mountain region is a large contributor to the water supply for
populations, ecosystems, wildlife, and industry. Water resource managers and governmental
policy makers require estimates to ensure there is a sufficient supply to meet increasing demands
while at the same time responding to potential decreases in the supply from a changing climate.
This research was conducted in the Southwestern Alberta Rocky Mountains and explored
precipitation patterns and quantified spatially explicit estimates of winter snowpack SWE water
yields to address the need for improved headwater resource assessments. There is high spatial
and temporal variability of precipitation and the winter snowpack in mountain regions.
Precipitation gauges are prone to sensor- and wind-induced measurement errors. Quality Control
Corrections were applied to two valley and one alpine gauge. After corrections, the alpine site
had up to a 50% increase in precipitation depths while the valley sites had up to a 5% change. A
seasonality component was present where the alpine site had up to 80% more precipitation in the
winter months and all sites received 50% to 70% lower precipitation in the summer months. This
seasonality caused valley to alpine sites to have different monthly elevational precipitation
gradients. Six “single point in time” mesoscale snow water equivalent (SWE) estimates were
created using a combination of a) airborne lidar derived or predicted snow depths; and b)
publicly accessible snowpack monitoring datasets to constrain snow density models for each
SWE estimate. The most productive elevation zone was at the mid-mountain treeline between
1900 masl to 2200 masl producing approximately half of the estimated total water yield.
Precipitation corrections, elevational precipitation gradients, and SWE water yields created in
this research can be used by water managers to calibrate models used to derive real-time Alberta

water resource estimates.
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1 Thesis Introduction

1.1 Introduction

Water is a life-sustaining resource. Adequate supplies are required to support healthy
populations, industry, wildlife, ecosystems, and economic growth in any given region.
Significant monitoring and management occurs in Alberta to control water consumption
especially since there are continually increasing demands on the resource (Government of
Alberta, 2017). The Government of Alberta created a “Water for Life” strategy (Alberta
Environment, 2003) for the protection of water resources within the province. The intent was to
ensure a sufficient healthy water supply for all sectors while promoting economic growth and
maintaining existing interprovincial and international water supply agreements (Alberta
Environment, 2004a, 2004b). Over time, periodical reviews have been done (Alberta
Environment, 2012; AWC, 2007) and revisions were made to the strategy (Alberta Environment,
2008). A recommendation was put forward by the Alberta Water Council to work towards
obtaining a better quantifiable measurement of both surface and groundwater resources (AWC,
2017).

In the mountain headwaters of Canada, the winter snowpack contributes a large
proportion of the overall water resource (Natural Resources Canada, 2010; Statistics Canada,
2017). Surface water is stored in a frozen state in winter months with groundwater released as
base flow (Barrows & Horton, 1907; Kienzle & Mueller, 2013; Paznekas & Hayashi, 2016). The
spring melt can produce high flows leading to increased downstream flood hazard (Pomeroy et
al., 2016; Wayand et al., 2015). Conversely, a lower-than-average winter snowpack can cause

drought stresses and low water availability in late summer (Zhang et al., 2001). Alberta



governmental snowpack monitoring has been operational for over a century with the earliest
recorded snow depth measurements taken at Beaver Hills West, AB in 1908 and Lethbridge, AB
in 1921 (Environment Canada, 2023).

The snowpack attribute of prime importance is snow water equivalent (SWE)
(Government of Alberta, 2018) which is obtained from two variables: snow depth and density.
Alberta Environment and Protected Areas (AEP) personnel conduct monthly field sampling
(Pickering, 2018) as well as maintain weather stations that include snow depth (Campbell, 2018)
and SWE (Pedlar, 2018) measurements. There are significant operational and logistical costs
associated with the measurement of the snowpack including the acquisition and maintenance of
equipment and sensors. Therefore, sites are sparsely located in the Alberta mountain headwaters
region (Nitu, 2010). Mountainous regions have high spatiotemporal snowpack variability driven
by local terrain characteristics (Anderson et al., 2014; Griinewald et al., 2014) and
meteorological influences (Pepin et al., 2015) such as orographic precipitation enhancement
(Houze, 2012) that produces a greater amount of precipitation in the upper alpine (Mott et al.,
2014).

Single-point monitoring locations are not representative of the overall land cover and
terrain characteristics driving the variability of the snowpack in mountain regions (Schirmer et
al., 2011). In addition, climate warming is occurring causing a shift in both temperature (Kienzle,
2018) and precipitation regimes (Luce et al., 2013) in the mountain region (Newton et al., 2021).
The snow season has become shorter in duration with the onset of melt beginning weeks earlier
(Shea et al., 2021) impacting the amount of water available from both annual and summer stream
flows (Cohen et al., 2015; Lapp et al., 2005; MacDonald et al., 2010; Shepherd et al., 2010).

Changing climate trends are contributing to gradual temperature and precipitation deviations



from past long-term normals. Models that worked reasonably well in the past will no longer be
representative of future conditions (Savenije & Hrachowitz, 2017; Siirila-Woodburn et al.,
2021). Changes in the timing of seasonal precipitation and snow melt impacts the available water
supply. This creates a need for an improved monitoring framework based on physical sampling

approaches that delivers better spatially distributed models in mountain regions.

1.2 Thesis Research Objectives
This thesis explores options for enhancing the Alberta Eastern Slopes snowpack
monitoring framework. The research objectives explore innovations in spatial and temporal

monitoring including:

. analyze and characterize mountain precipitation regimes in the southern Alberta Eastern
Slopes.

. analyze and characterize mountain snow depth variability at in-situ and watershed scales.

. develop a scalable cost-effective airborne lidar snow depth sampling strategy that can be

used to simulate spatially distributed snow depth over an entire watershed.

. develop a watershed snow density modelling strategy using existing publicly available
monitoring data.

. develop a spatially-explicit mesoscale watershed-wide Snow Water Equivalent (SWE)
modelling framework.

1.3 Thesis Summary

This thesis has been written using the “research paper” style with a “Thesis Introduction”,

five research papers as shown in Figure 1.1 and a “Thesis Conclusion and Recommendations”.
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Figure 1.1. High level overview of the thesis research paper chapters (orange box). The coloured boxes show the
main themes within the thesis those being precipitation (blue box), snow depth (light blue box), and snow density
(purple box) that leads to Watershed Snow Water Equivalent (teal box) and Estimated Water Yield (rose box). The
grey boxes between the main concepts show analysis and sections in a chapter. The arrows show the linkages
between the main themes, chapter dependencies, and sections.

The organization of the research papers in this thesis begins with the exploration of
spatiotemporal precipitation patterns in the Alberta southern Eastern Slopes. In chapter 2,
“Quality Control Impacts on Total Precipitation Gauge Records for Montane Valley and Ridge
Sites in SW Alberta, Canada” (Barnes & Hopkinson, 2022b) quality control processes for data
adjustments were applied to Geonor totalizing precipitation gauge records. These gauges are
sensitive to sensor noise and wind-induced measurement errors that can bias the data. In the
Canadian Mountain region of southwestern Alberta, it is typical for Government managed sites
to be at mountain valley and mid-mountain locations with tall forest cover sheltering the
precipitation gauges. The unique component of this study is the location and setting of three
Geonor precipitation gauges installed by the University of Lethbridge ARTeMiS Lab (ULAL).

Two of these gauges are located at mountain valley elevations and one is on an upper mountain



alpine ridge. These sites do not have significant forest cover to shelter gauges from wind. One of
these sites is also in a recently burnt forest. This study showed sensor and wind-induced
measurement errors can lead to significant underestimations of recorded precipitation at the
higher elevation gauge.

The “Headwater Precipitation Gradients in the Southern Rockies of Alberta, Canada” (in
review) chapter (3) builds on chapter 2. Time-series analysis methods were applied to AEP and
ULAL smoothed and quality control cleaned datasets to examine annual spatiotemporal
precipitation patterns in the Southern Alberta Eastern Slopes. A seasonality signal was present
where higher precipitation depths were observed in winter snow accumulation months and lower
depths recorded in the summer months. Monthly elevational precipitation gradients did not have
a constant rate of increase from valley to higher elevation sites over an annual cycle. This study
demonstrated seasonality and differences in elevational precipitation gradients need to be
accounted for when spatializing these data for use in hydrologic models and water resource
estimates.

An experimental design for continuous measurement of snowpack depth was created
examining the feasibility of using a low-cost, low-power LED LiDAR (Leddar) time-of-flight
sensor in Chapter 4, “In-Situ LED-Based Observation of Snow Surface and Depth Transects”
(Barnes et al., 2020) chapter. Contemporary snowpack monitoring sensors record a single
averaged measurement over the field-of-view with no additional snow characteristics measured
by the sensor. The Leddar sensor used in this experimental study was designed for industrial
uses, such as in autonomous self-driving vehicles or traffic and production-line monitoring. It
records 16 individual distance-to-target and light reflectance observations across its field-of-

view. In this study, the sensor was used for environmental monitoring of a seasonal snowpack.



The Leddar sensor was selected to see if it was possible to detect changes in the snowpack over
time due to snow accumulation, compaction, and melt using the continuous distance-to-target
and reflectance signal. Sensor performance and accuracy were examined under varying winter
temperatures and snowpack states. An additional benefit of the Leddar sensor over contemporary
snowpack monitoring sensors was the recorded reflectance signature that allowed for
examination of changing snowpack surface conditions over time across the 16 segments. This
study demonstrated Leddar technology is a viable low-cost and low-power alternative to
contemporary snow depth sensors. The most notable benefits were the two-dimensional data as
well as the intensity signal showed correlation with snow surface albedo and inversely with air
temperature.

One available technology to map snow depth at the watershed scale is airborne lidar.
Typically, missions are designed to fly a “wall to wall” watershed which can limit single flight
sampling to ~100 km? in the winter months. In chapter 5, “Comparing Mountain Snowpack
Depth Model Results from Different Airborne Laser Scanning Flight Path Samples” (Barnes &
Hopkinson, 2022a), an alternative method was used to sample and model snow depth at the
mesoscale. Instead of flying the entire watershed, two flight line sampling configurations were
created based on capturing a maximum of unique signatures of snowpack depth variability. The
first was a “static goal-oriented” shortest path approach. Static goal-oriented approaches are
based on using homogeneous features for path finding such as terrain and landscape features
with the same slope angle, directional aspect, canopy cover, distance to water, etc. The challenge
in this approach was the path finding strategy had to be implemented based on selecting and
maximizing the number of unique signatures within the path and not on maximizing the same

features. The second path finding strategy implemented a transect approach to fly three corridors



perpendicular to the watershed centerline. For each path, machine learning was used to predict
snow depth for the balance of the watershed. This study demonstrated reduced watershed
sampling could be effective for modelling mesoscale snow depth.

The final chapter (chapter 6), “Watershed Snow Water Equivalent from Lidar Snow
Depth and Field-Sampled Density Models” quantified snowpack water resources in the form of
spatially explicit mesoscale estimates of SWE. Watershed “wall-to-wall” lidar sampling missions
were flown capturing bare-earth, early, mid, and late season snow covered surfaces. Snow
density is difficult to measure at the mesoscale. Elevation and forest canopy coverage were two
drivers used to develop the snow density models. Two government snow monitoring field
sampling sites in close proximity to the watershed were used to constrain lower and upper limits
for each snow density model that coincided with lidar surveys. In this study, only one lidar
survey coincided with government field sampling. There was up to a 9-day gap between all other
lidar flights and government field sampling. The snowpack state can change significantly during
this period if melt or large snowfall events occur and will bias snow density estimations.
Therefore, two different density models were tested, one using the closest temporal sampling and
the other using the 30-year monthly mean. However, the 30-year mean may not be representative
of the current snowpack state at the time of the lidar flight and may overestimate or
underestimate density. Snow depth and density models were combined to create estimated water
yield for each lidar snow sampling mission. By using a reduced lidar flight line snow sampling
strategy combined with snow density modelling, water yield was within 80% of wall-to-wall
estimates. This approach could complement government snow monitoring practices by flying a
larger portion of the Alberta Eastern Slopes at a reduced cost for a single winter airborne lidar

mission.
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2 Quality Control Impacts on Total Precipitation Gauge Records for Montane Valley
and Ridge Sites in SW Alberta, Canada

Abstract

This paper presents adjustment routines for Geonor totalizing precipitation gauge data
collected from the headwaters of the Oldman River, within the southwestern Alberta Canadian
Rockies. The gauges are situated at mountain valley and alpine ridge locations with varying
degrees of canopy cover. These data are prone to sensor noise and environment-induced
measurement errors requiring an ordered set of quality control (QC) corrections using nearby
weather station data. Sensor noise at valley sites with single-vibrating wire gauges accounted for
the removal of 5% to 8% (49—76 mm) of annual precipitation. This was compensated by an
increase of 6% to 8% (50—76 mm) from under-catch. A three-wire ridge gauge did not
experience significant sensor noise; however, the under-catch correction of snow resulted in 42%
to 52% (784—1342 mm) increased precipitation. When all QC corrections were applied, the
annual cumulative precipitation at the ridge demonstrated increases of 39% to 49% (731-1269
mm), while the valley gauge adjustments were —4% to 1% (=39 mm to 13 mm). Public sector
totalizing precipitation gauge records often undergo minimal QC. Care must be exercised to
check the corrections applied to such records when used to estimate watershed water balance or
precipitation orographic enhancement. Systematic errors at open high-elevation sites may exceed

nearby valley or forest sites.
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2.1 Summary

The Government of Alberta (GoA) introduced the “Water for Life” strategy (Alberta
Environment, 2003), partly to ensure there will be sufficient provincial water resources available
for ecosystem and anthropogenic needs. Mountain headwaters provide a high proportion of the

available downstream runoff (Kienzle & Mueller, 2013); however, accurate measurement of
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mountain precipitation is a well-known challenge (Avanzi et al., 2021; Goodison et al., 1998;
Rasmussen et al., 2012; Thiessen, 1911).

GoA Alberta Environment and Parks (AEP) and Agriculture and Forestry manage
totalizing precipitation gauges throughout Alberta. On the eastern slopes of the Alberta Rocky
Mountains, most gauges are sparsely located at valley and mid-mountain sites (Newton et al.,
2021; Wright, 2021a). To further investigate mountain headwater precipitation regimes, the
University of Lethbridge Artemis Lab (ULAL) installed three totalizing precipitation gauges at
different elevations and in different landcover types, near to existing public gauges. One gauge
was installed in an open alpine location, while the other two gauges were in valley sites, with one
in a woodland clearing (Barnes et al., 2020) and the other in a recently burnt area (Waterton
Lakes National Park, 2017) of standing dead tree stems and sparce ground cover vegetation. It
was noted in the WMO Fifth Session Final Report, that the Solid Precipitation Intercomparison
Experiment (SPICE) gauge management practices should follow the manufacturer’s
recommended installation and operational maintenance methodologies (Earle et al., 2014).
However, data obtained from research sites may not be reliable as a result of improper
maintenance activities (Pan et al., 2016). ULAL followed the manufacturer’s recommended
installation and maintenance routines for each totalizing precipitation gauge.

The data collected from the totalizing precipitation gauges are prone to noise and
measurement errors (Goodison et al., 1998; Leeper et al., 2015; Peck, 1972), especially from the
effects of wind-induced under-catch of snow entering the orifice (Peck, 1972; Wolff et al., 2015).
Site characteristics such as the amount of natural canopy sheltering the gauge (Pan et al., 2016),
as well as the installation of shielding to limit airflow around the gauge (Baghapour et al., 2017;

Kochendorfer, Nitu, et al., 2017), decrease these errors. Other environmental and sensor

13



configuration factors can result in evaporative losses, snow covering the orifice, or false
measurements of precipitation when no event is in progress (Earle et al., 2014; Kochendorfer,
Nitu, et al., 2017; Kochendorfer, Rasmussen, et al., 2017). Observation quality control (QC)
using data cleaning and filtering must be applied to time-series observations to remove noise and
systematic measurement errors. Different techniques have been used to clean and smooth the
precipitation datasets (Kochendorfer et al., 2018; Leeper et al., 2015; Pan et al., 2016). This
paper explains the adjustments applied to the ULAL totalizing precipitation gauges for noise, as
well as over- and under-catch, to show the relative proportions of error and potential range in
accumulated precipitation in the data records. Two different procedures were used to perform
QC adjustments to the precipitation observations collected in this region. The initial data filtering
routine applied to the data was developed by the Alberta Climate and Information Service
(ACIS) and used to ensure data consistency with publicly available precipitation datasets. Wind-
induced bias corrections are not applied by ACIS; therefore, the rest of the QC routines used in
this paper were developed by another research group (Pan et al., 2016). Pan et al. (2016) applied
wind-induced bias adjustments to the precipitation data collected with the same sensor and

shielding located in a similar Western Canadian region.

2.2 Data Description

The following three Geonor totalizing precipitation gauge sites were used: CMR (Castle
Mountain Resort), WFS (Westcastle Field Station), and Cameron (Hopkinson & Barnes, 2022).
Datasets for each site containing variables required for the QC process (shown in Table 2.1) are
available from the Federated Research Data Repository (FRDR) at

https://doi.org/10.20383/102.0551.

14


https://doi.org/10.20383/102.0551

Table 2.1. Raw and processed data descriptions and units.
Variable Value Units  Description
Time measurement was recorded

Timestamp recorded (yyyy—mm-dd hh:mm)

RH recorded % Relative humidity

Wind recorded ms™'  Wind speed

AirTemp recorded °C  Air temperature

In SR recorded  watt/m> Incoming solar radiation

Raw_Precip recorded mm  Raw precipitation record

ACIS_Precip computed mm  ACIS weighing gauge time-series data filtering

Noise Precip computed mm  Noise removal of positive values during no precipitation
OC Precip computed mm  Over-catch subtracted

UC Precip computed mm  Under-catch added for snow and rain

The CMR Geonor was installed in September 2015; however, the record was not
continuous until 2017. The WFS Geonor was installed in the summer of 2017, and both the WES
and CMR records used in this analysis were continuous for four hydrological years, starting from
October 2017 through to September 2021. The Cameron Geonor dataset was continuous from the
date of installation in October 2018 through to September 2021.

The CMR, WEFS, and Cameron precipitation records were set to zero at the beginning of
each hydrologic year (1 October) to match the publicly available historical meteorological data
accessible from the Alberta Climate Information Service’s (ACIS) (Wright, 2021a) and Alberta
Environment and Park’s (AEP) “Alberta’s River Forecast Centre: Awareness and
Communication” system (Alberta Environment and Parks, 2019) datasets. The data collection
interval for all three Geonor gauges was one measurement every 15 min. Fluid change jumps in

the observed gauge level at biennial maintenance intervals were removed from each record.

2.3 Methods
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2.3.1 Study Area

The study area was within the eastern slope headwaters of southwestern Alberta, Canada
(Figure 2.1). ULAL installed three totalizing precipitation gauges—two in the West Castle
Watershed (WCW) and one in the Waterton Lakes National Park (WLNP). The CMR gauge is
located within the Castle Mountain Resort (CMR Board, 2002) along the Gravenstafel ridge on
the western side of the WCW, at 2130 m above sea level (asl). The WFS gauge is situated at the
University of Lethbridge Westcastle Field Station within the valley bottom of the WCW at 1400
m asl, 3 km northeast of CMR. The Cameron gauge is situated in the bottom of Cameron Valley

at 1655 m asl, within Waterton Lakes National Park, 45 km southeast of WFS.

Figure 2.1. (a) Proximal locations of the CMR, WFS, and Cameron Geonor gauge sites. The AEP Akamina (mid-
mountain site at an elevation of 1809 m asl) provides publicly available precipitation data. (b) Inset: study area in
the Canadian Rockies of southwestern Alberta, Canada.
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2.3.2 Sensor Specifications

Geonor T-200B (Campbell Scientific (Canada) Corp., 2011; Leeper et al., 2015)
precipitation gauges with single alter wind screens and several weather sensors recording
incoming shortwave radiation, air temperature, relative humidity, and wind speed were installed
by the University of Lethbridge (Figure 2.2) at the CMR ridge (a), WFS valley (b), and Cameron
valley (c) locations. Glycol (40%)/methanol (60%) antifreeze and a > 500 mL mineral oil surface
sealant were added to the Geonor gauges using standard Campbell Scientific (CS) specifications
(Lang-Gorman, 2018). Standard and consistent CS CR1000 (Campbell Scientific (Canada)
Corp., 2020) datalogger programming was used at all three locations.

The CMR precipitation gauge has the largest capacity 1500 mm Geonor bucket, with
three vibrating wires to accommodate less frequent site visits and occasional turbulent wind
conditions over the ridge. The site was selected for ease of access for maintenance activities, as
well as to connect to the tele-communication and power infrastructure provided by the Castle
Mountain Resort. The gauge is mounted on a tall pedestal to keep it above snow drifts and low-
level blowing snow, but because it is at the upper limit of the tree line, there is minimal
surrounding vegetation to shelter the gauge from strong turbulent winds. The CMR weather
station is in the field of view (FOV) of a web camera located lower down the mountain side, and
another web camera is located adjacent to the gauge site so that the Geonor gauge and sky

conditions can be monitored.

17



==

N
£
Y

©
Figure 2.2. Site photographs showing the totalizing precipitation gauge terrain and vegetation conditions, and
adjacent weather stations: (a) CMR, (b) WFS, and (c) Cameron (the weather station is behind the observer, so it is

not shown).

The CMR windspeed sensor malfunctioned from 1 November 2018 to 14 February 2019,
resulting in a data gap. The missing CMR windspeed data (15 min averages) were gap filled by
regression to a nearby weather station on the resort ~200 m lower down the mountain side (1* =
0.81).

A smaller 600 mm capacity Geonor gauge was installed at the WFS weather station
(Table 2) (Barnes et al., 2020), as access is easy from a nearby highway, and site visits are
frequent given this is a well-used university research station. This unit has a single vibrating
wire, as it is located in a clearing surrounded by mixed deciduous and conifer trees, so wind

conditions are more stable than the nearby CMR ridge. The gauge is in the FOV of a web camera
18



located on the cabin of the field station. A 600 mm capacity single-wire Geonor gauge was
installed at the Cameron valley research site (Table 2.2) within an area of mature pine forest that
was killed and defoliated in the Kenow wildfire of September 2017 (Waterton Lakes National
Park, 2017). Publicly available precipitation data from the AEP Akamina site (Figure 2.1,

located within 1.5 km of Cameron) were available for comparison.

Table 2.2. Geonor totalizing precipitation gauge and weather sensor specifications for the CMR, WFS, and Cameron
sites.

Site CMR WES Cameron
Elevation 2130 m asl 1400 m asl 1655 m asl
Latitude 49°19'15.18" N 49°20'55.17" N 49°2'3.52" N
Longitude 114°2620.94" W 114°24'39.01" W 114°2'17.55" W
Installation date 17 September 2015 7 September 2017 27 October 2018
Precipitation gauge GEONOR T-200B-MD GEONOR T-200B GEONOR T-200B
Capacity 1500 mm 600 mm 600 mm
Precision vibrating wire 3 1 1
Incoming shortwave CS CMP3 CS CNRI CS CNR4
radiation

Air temperature CS T109 CS HC2S3 CS HMP45
Relative humidity CS HMP45 CS HC2S3 CS HMP45
Wind speed Met One 013A RM Young 05103 RM Young 05103

2.3.3 Data Cleaning and Quality Control

Systematic measurement biases are common in totalizing precipitation gauges (Goodison
et al., 1998). Figure 2.3 shows the processing workflow to clean the raw data and create each
adjusted precipitation variable. Evaporative losses, sensor drift (Leeper et al., 2015), and
temperature- or wind-induced noise can lead to significant deviations in the data (Figure 2.4; raw
measurements are displayed with a black line). Under-catch of snow (Wolff et al., 2015; Zhang
et al., 2015) and rain (Pan et al., 2016) can occur as a result of wind across the gauge orifice.
Over-catch of snow (Goodison et al., 1998; Kochendorfer, Nitu, et al., 2017) can occur when
there is no atmospheric precipitation and wind mobilizes the snow from the ground or surrounding

canopy.
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Figure 2.3. Quality control workflow diagram illustrating the sequence of steps to compute precipitation-adjusted
variables, including the weather data used in each code logic block.

An ACIS “weighing gauge time-series analysis and noise filtering tool” (Wright, 2021b)

was used to adjust the 15 min time-series observation values. This tool removes all negative

accumulation, and the series is smoothed using a moving range window. The tool does not adjust

for evaporative losses in the gauge. The ACIS filtering tool was run twice for all three Geonor

time series (e.g., Figure 2.4). Once the tool completed its execution, a visual inspection was done

to verify the filtered output. After several trial runs, the parameter settings listed in Table 2.3

were adopted for the ACIS Precip variable. The second run (blue line) was used as the baseline

for further adjustments.
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Figure 2.4. ACIS “weighing gauge time-series analysis and noise filtering tool” sample. Black line—raw data; red
line—run #1; blue line—run #2.

Table 2.3. ACIS weighing gauge time-series analysis and noise filtering tool parameter settings per run.

Run # Range Change Factor Raw Count Comments
1 (red line) 24 0.2 3
2 (blue line) 24 0.9 1 Baseline used for further adjustments

After the ACIS filtering tool execution was complete, further data cleaning was required
to remove additional noise and adjust the time series for precipitation over- and under-catch
(Leeper et al., 2015; Pan et al., 2016). Three additional cleaning routines were applied
sequentially (as seen in Figure 3) to correct precipitation measurements. Two routines removed
precipitation that did not belong in the time series, while the third added precipitation that was
missed. Adjacent weather station sensor data (incoming shortwave radiation, air temperature,
relative humidity, and wind speed) were used as inputs to the correction calculations. Table 2.4
lists the constants used in each code logic block (below) to compute data values for the removal
of noise (Noise Precip), over-catch (OC_Precip) from blowing snow, and under-catch
(UC_Precip) of precipitation. The code logic blocks are executed sequentially for each 15 min
observation (1), starting with the first observation in the data file and continuing to the end of the

data file.
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Table 2.4. Data cleaning threshold parameter values used for each gauge site.

Threshold Values CMR WFS Cameron Comment

NoiseThreshold 0.11 0.05 0.05 Threshold for small positive precipitation changes
In_SRhreshold 300 300 300 Incoming SR threshold (daylight hours only)
RHrhreshold 75 65 65 RH threshold when SR is greater than In_ SRThreshold
AirTempThreshold 0.0 0.0 0.0 Temperature threshold to separate snow/rain
WSLower 1.2 1.2 1.2 Lower wind speed bounds for under-catch
WSupper 6.5 6.5 6.5 Upper wind speed bounds for under-catch
Hanemometer 14.0 6.5 3.0 Height of anemometer (m)

Hagauge 3.0 2.0 1.75 Height of Geonor orifice (m)

Roughness 0.05 0.05 0.05 Roughness length (m)

CERain 1.05 1.05 1.05 Catch efficiency multiplier for rain

WSgauge computed Wind speed above the Geonor orifice

CEsnow computed Catch efficiency for snow

The noise (Noise precip) that the ACIS tool did not filter out was subtracted from the

record. This noise was defined as precipitation less than the NoiseThreshold, With no recorded

measurements either before or after the observation (see Code Logic 1). The CMR noise

threshold value was set to 0.11 mm, as in (Pan et al., 2016). As a result of a single vibrating wire

with no averaging (Leeper et al., 2015), the WFS and Cameron gauges were more susceptible to

noise than the CMR Geonor gauge, which had three vibrating wires that were averaged to a

single measurement for each data record. The initial threshold setting was the same as CMR;

however, it was adjusted using trial and error, until the noise signal was mitigated. The WFS and

Cameron thresholds were set to 0.05 mm, which reduced the amount subtracted from the records.

Code Logic 1. Noise Precip (small positive observations when no apparent precipitation event occurs)
For each observation i starting with the first observation to the end of the file:
IF ACIS_ Precip i < NoiS€Threshold
Then IF ACIS Precip i.1 > 0 or ACIS_Precip i+1 >0
Then Noise Precip i = ACIS_ Precip ;

Else Noise Precipi=0
Else Noise Precip i = ACIS Precip i

End.
O

The next step was to subtract the over-catch (OC_Precip) due to blowing snow that was

unlikely to result from atmospheric precipitation (see Code Logic 2). For CMR and WFS, the
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presence of over-catch during non-precipitation blowing snow conditions could be manually
checked by reviewing the coincident camera imagery. While wind data have potential as a proxy
for blowing snow (Pan et al., 2016) inputs, they were found to be unreliable as an automated data
filtering variable because of occasional anemometer riming (Kochendorfer, Nitu, et al., 2017) at
temperatures near to 0 °C, and because of the high frequency of winter blizzards where both
wind and precipitation display high but uncorrelated values. Therefore, over-catch corrections
were limited to precipitation recorded at temperatures below the rain/snow threshold
(AirTemprhreshold). As snow pellets can be present in the rain and snow, the AirTemprhreshold Was
set to 0 °C (Meteorological Service of Canada, 2021). A relative humidity threshold (RHthreshold)
was used to further selectively subtract the recorded precipitation. An incoming solar radiation
threshold (In_ SRhreshold) was used to remove the daytime blowing snow. To calibrate the

In_ SRhreshold, camera imagery was used to manually verify whether or not blowing snow
occurred above or below a certain value. Threshold values for CMR were set to In_ SR hreshold
(300 watt/m?) and RHrhreshold (75%) based on expert judgment, combined with blowing snow
observations in web cam imagery. The RHthreshold Was set to 65% for WFS to prevent
precipitation events from being removed from the data record when there was low incoming
solar radiation (In_SRThreshold, 300 watt/m?) using camera imagery. As the Cameron site does not
have a camera, the same In_SRThreshold (300 watt/m?) and RHrhreshold (65%) threshold values were

adopted as WFS owing to the similar gauge height and environmental characteristics.
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Code Logic 2. OC Precip (remove over-catch from blowing snow using air temperature, In_ SR, and RH thresholds)
For each observation i:
IF Noise Precip ;>0
Then IF AirTemp ; > AirTempThreshold
Then OC_Precip ; = Noise Precip ;
Else IF RH ; < RHThreshold
Then OC_Precip ;=0
Else IF In_SR ;> In_SRThreshold
Then OC_Precip ;=0
Else OC Precip ; = Noise Precip;
Else OC_Precip ;=0
End.
O

The last QC step was an under-catch (UC_Precip) correction for snow and rain (see Code
Logic 3) using the formula and thresholds developed for a similar Rocky Mountain site in
Western Canada (Pan et al., 2016). A lower (WSLower) and upper (WSupper) bound was used to
limit the range for wind speed correction. Wind speed above the Geonor (W Sgauge) was
calculated using the height of the wind speed sensor (Hanemometer), the height of the gauge orifice
(hgauge), and a roughness length parameter. The roughness length for all of the sites was set to
0.05, as each location has low-level vegetation. No further precipitation adjustment was applied
for wind speeds below the lower threshold. Wind speeds above the upper threshold were set to
the upper wind speed threshold value (Kochendorfer, Nitu, et al., 2017; Pan et al., 2016). The
catch efficiency for snow (CEsnow) Was calculated using the wind speed above the gauge orifice.
The catch efficiency for rain (CErain) Was set to a constant value. Setting the CMR gauge upper

1

wind speed threshold to 9 ms™, as in (Pan et al., 2016), caused the under-catch to be amplified

1

by an unreasonable amount during the snow season, so an upper limit of 6.5 ms™" was used, as

this is typical for Arctic and northern regions (Pan et al., 2016).
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Code Logic 3. UC_Precip (under-catch correction for snow and rain using wind speed at the top of the gauge)
For each observation i:

End.

WSgauge i= Wll’ld i X (ln(hgauge/RoughneSS)/ln(Hanenometer/RoughneSS))

IF ngauge i~ WSUpper
Then WSgauge i= WSUpper

IF OC Precip ;>0
Then IF WSgauge i > WSLower
Then IF AirTemp ; < AirTempThreshold
Then
CESnow =1.18 670.18 x WSgauge
UC_Precip ;= OC_Precip i/CEsnow
Else UC Precip ;= OC_Precip ; X CERrain
Else UC_Precip ; = OC_Precip ;
Else UC Precip ;= OC_Precip ;

The CMR, WEFS, and Cameron Raw_Precip, ACIS Precip, Noise Precip, OC Precip,

and UC_Precip data were aggregated to daily, monthly, and annual totals. For each year in the

CMR, WFS, and Cameron annual datasets, Code Logic 4 was used to calculate the amount of

precipitation adjustment for each variable in the cleaning workflow.

Code Logic 4. Amount of precipitation adjustment for each variable in the cleaning workflow
For each year in the dataset:

End.

ACIS-filter = ACIS_Precip — Raw_Precip
Noise-reduction = Noise Precip — ACIS Precip
Over-catch = OC_Precip — Noise Precip
Under-catch = UC_Precip — OC_Precip

Total Correction = UC_Precip — Raw_Precip
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2.4 Aggregated Precipitation Output Results and Discussion

For comparison purposes, Figure 2.5 shows the cumulative ACIS_precip time series for
CMR, WFS, and Cameron. It also includes the public AEP Akamina Pluvio totalizing
precipitation gauge record, which is 1.5 km away and 154 m higher in elevation than the
Cameron gauge. Although the data were collected from two different gauge types, studies have
shown Geonor and Pluvio measurements are comparable (Kochendorfer, Nitu, et al., 2017). The
AEP public records do not have the noise reduction or the under- or over-catch corrections
applied (Nitu, 2010), so the Akamina record is most comparable to “ACIS Precip”. The
Akamina record tends to show a >10% increase over Cameron because of its higher elevation
and rain shadow effect on the lee side of the mountain slope (Smith, 2019), but the timing and

magnitude of precipitation events are visibly synchronous.
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Figure 2.5. Cumulative precipitation of ACIS Precip for CMR, WFS, and Cameron. The Akamina (dotted line) site

is in close proximity to Cameron and illustrates a publicly available precipitation dataset that is comparable to
ACIS_Precip.

For each site, Figure 2.6 presents the magnitude of each cumulative precipitation

correction (ACIS Precip, Noise Precip, OC Precip, and UC Precip) relative to the Raw_Precip
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baseline through time. The adjustments for CMR (Figure 6a), WFS (Figure 6b), and Cameron
(Figure 6c¢) are plotted for each hydrologic year.

The Raw_precip and ACIS precip daily total precipitation values did not deviate
significantly. The WFS and Cameron valley-level gauges measured similar depths of
precipitation for the years of comparable data. Similar to CMR, both gauges demonstrated
minimal difference between the Raw Precip measurements and ACIS Precip filtered data.

There was a small amount of noise (Noise Precip) in the CMR gauge that contributed
approximately 1 to 2 mm per month. WFS and Cameron were more susceptible to noise during
the colder winter months when most of the annual Noise Precip adjustment occurred. Cameron
had a higher amount of noise compared with WFS, which was possibly a function of the
different canopy cover or wind turbulence surrounding the gauge sites.

Over-catch (OC_Precip) corrections on the CMR ridge were prevalent in the late winter
and spring months, accounting for an additional 36 mm to 65 mm per year. The WFS and
Cameron valley sites demonstrated a blowing snow over-catch correction, ranging from 5 mm to
76 mm, occurring either in October or the spring time frame, presumably due to warmer
temperatures and less mobile snow.

Under-catch (UC_Precip) corrections at all sites were the greatest during snow cover
months from September through to late spring. WFS under-catch corrections were frequent
between October to April, while for Cameron, they occurred primarily from October to February
and, to a lesser degree, during March to May. The under-catch code logic was sensitive to high

wind speeds, especially during snowfall events.
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Figure 2.6. The relative ACIS Precip, Noise Precip, OC Precip, and UC_Precip deviations from the Raw_Precip
baseline for (a) CMR, (b) WFS, and (c) Cameron.

The high-elevation CMR ridge gauge recorded the highest annual precipitation of all of
the gauges (see Figure 2.5). The annual CMR ACIS-filtered record (Table 2.5) was within a few

millimeters of the raw precipitation measurements. Of the three sites, CMR displayed the largest
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annual total correction, ranging between 39.2% to 48.8%, with under-catch representing the
largest correction factor at up to 51.5% of the annual total for 2017-2018 and 2019-2020. This
represents an approximate doubling of the raw precipitation observations for the alpine ridge
location, although this is a plausible amplification of the annual precipitation, given it is known
that the mean winter snow accumulations at these alpine elevations can exceed valley depths by
a factor of four (Cartwright et al., 2020). WFS displayed between —0.1% to 1.4% precipitation
correction, with Cameron showing a —4.2% to —3.6% annual decrease. The removal of noise and
adding an under-catch correction were the most impactful adjustments for the valley gauges,

resulting in an almost net zero annual change in precipitation measurement.

Table 2.5. Annual amount of precipitation adjustment for each variable in the cleaning workflow in millimeters
(amount of adjustment as a percentage is listed in the brackets) computed using Code Logic 4. Weather station data
were not complete for Cameron during

Correction 2017-2018 2018-2019 2019-2020 2020-2021
mm (%) mm (%) mm (%) mm (%)

CMR

ACIS filter —2.1 (—0.2%) 1.6 (0.1%) 4.7 (0.4%) 1.4 (0.1%)

Noise reduction
Over-catch
Under-catch

~17.5 (-1.3%)
~64.6(-5.1%)
1342.0 (51.5%)

~18.6 (~1.6%)
-36.0 (-3.3%)
783.7 (42.0%)

~15.9 (-1.2%)
~60.0 (—4.8%)
1340.3 (51.5%)

~10.2 (—0.8%)
—54.1 (—4.7%)
1189.7 (50.7%)

Total correction 1258.1 (48.3%) 730.7 (39.2%) 1269.1 (48.8%) 1126.9 (48.0%)
WFS

ACIS filter 0.2 (0.0%) 0.1 (0.0%) 0.9 (0.1%) 0.5 (0.1%)
Noise reduction —54.7 (-6.2%) =50.8 (-5.4%) —54.5 (-5.6%) —48.9 (-5.7%)
Over-catch —7.8 (-1.0%) —4.6 (-0.5%) -16.9 (-1.9%) —10.9 (-1.4%)
Under-catch 74.9 (8.4%) 53.9 (5.7%) 75.6 (7.7%) 69.5 (8.0%)
Total correction 12.6 (1.4%) —1.4 (-0.1%) 5.1 (0.5%) 10.2 (1.2%)
Cameron

ACIS filter 6.4 (0.7%) 1.2 (0.1%)

Noise reduction
Over-catch
Under-catch
Total correction

~76.4 (~7.9%)

~24.9 (-2.9%)
56.5 (6.1%)

—38.5 (—4.2%)

~62.1 (~7.2%)

~19.4 (-2.5%)
50.2 (6.0%)

—30.1 (=3.6%)

2.5 Conclusions

This study applied data cleaning and QC to raw Geonor totalizing precipitation gauge
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series were tracked closely together for all three gauges at daily and longer time increments.
Despite being in a more severe wind environment, the annual noise in the CMR ridge record was
small (10 mm to 20 mm) compared with the WFS (49 mm to 55 mm) and Cameron (62 mm to
76 mm) valley gauges as a result of the real-time averaging of the three vibrating wires relative
to the single vibrating wire of the valley sites. The annual amount of CMR blowing snow over-
catch correction was 36 mm to 65 mm; for WFS, it was 5 mm to 17 mm; and for Cameron, it
was 19 mm to 25 mm. This correction was applied for measurements occurring throughout the
day. However, using incoming solar radiation, additional corrections were possible during
daylight hours. During non-daylight hours, it was not possible to reliably separate blowing snow
from blizzard conditions, which suggests the total over-catch in the records may be slightly
higher than what was estimated. The CMR record was most sensitive to under-catch corrections
(731 mm to 1342 mm) as a result of high wind speeds in the turbulent ridge environment. This
was mostly associated with the WSupper threshold value and is therefore sensitive to changes in
this parameter value. The under-catch for WFS and Cameron was significantly less than that of
CMR, ranging from 50 to 76 mm. This study illustrates that, with all QC adjustments applied,
total precipitation records ranged between small corrections of ~—4% to 1% for valley locations
up to ~49% for alpine ridge locations. Therefore, without applying such data cleaning and QC
procedures, significant errors would be propagated into headwater water balance or precipitation

orographic enhancement estimates derived from such records.
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3 Headwater Precipitation Gradients in the Southern Rockies of Alberta, Canada

Abstract

Estimating mountainous headwater precipitation inputs can be challenging for water
resource managers given sparce monitoring sites and complex physical hydroclimatic processes.
Alberta Climate Information Service (ACIS) and quality control (wind-biased) corrected (QCC)
precipitation datasets were used to examine Elevational Precipitation Gradients (EPGs) and the
seasonality of these gradients from six (alpine, mid-mountain near treeline, and valley)
southwestern Alberta headwater sites. Monthly EPG for a valley to alpine (730 m elevation
difference) pair using ACIS was 19 mm/100 m in January. QCC EPG (61 mm/100 m in Jan) was
greatly amplified during the winter months. An inverse precipitation gradient occurred in late
spring and summer months where the valley received more precipitation than the alpine site.
There was a seasonal signal present in the ACIS precipitation dataset. The alpine site received up
to 80% more precipitation depths in the winter than summer months. All sites measured 50% to
70% lower precipitation in the summer months than the winter months. ACIS and QCC
mesoscale spatialized precipitation (MSP) was compared to modelled snow water equivalent
(SWE) yield from two mid-winter airborne laser surveys. ACIS-simulated volumes (2020:
65.08x10°m?, 2021: 64.41x10°m?) fell within the range of modelled SWE (2020: 12.99 to
90.21x10°m?, 2021: 9.93 - 78.55x10°m?). QCC-simulated volumes (2020: 122.28 x10°m?, 2021:
120.03x10°m?) produced a higher estimate of water yield. This conforms with snowpack
processes where sublimation and melt losses reduce winter snowpack yield relative to

precipitation inputs.
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3.1 Introduction

The Canadian Rocky Mountain headwater regions are a critical source of water supply
for downstream users (Alberta Environment, 2010; Schindler & Donahue, 2006). Monitoring
precipitation and water yield in the Alberta headwater regions is an important element of
regional water resource management and flood hazard assessment, and the need for accurate
information is increasing as demands continue to increase (Grinder, 2010). Due to changing
climate, there is potential for decreased water supplies originating from mountain snowpacks
(Newton et al., 2021), as well as a change in the timing of snowpack melt (MacDonald et al.,
2012). Precipitation in mountain regions is difficult to measure since it is influenced by complex
relief and landcovers, and associated weather systems (Roe & Baker, 2006). However,
hydrologists rely on accurate spatiotemporal meteorological observations as inputs to models to

simulate precipitation in any given region (Craig et al., 2020).
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Mountain precipitation patterns vary seasonally, with air temperature (Daly et al., 2008),
and with solid or liquid precipitation type (Mekis et al., 2018). Orographic enhancement is
common in mountainous areas (Houze, 2012) where ground level precipitation increases with
elevation. Atmospheric circulation patterns (Smith, 1981) and mountain geometry (Rotunno &
Houze, 2007) also influence air flow. Upper level winds in mountain regions can transport snow
many kilometers from the originating cloud to the point where it first encounters land, whereas
the transport distance of rain tends to be within a kilometer (Roe & Baker, 2006). Air parcels
may split and flow around the mountain (Smith, 2019) instead of traversing upwards and over.
“Feeder/seeder” cloud systems can develop above mountain ridges. Lower-level clouds feed
upper-level clouds to produce enhanced precipitation at higher elevations (Haiden & Pistotnik,
2009; Mott et al., 2014). Precipitation types can vary spatially during events (Zhang et al., 2017)
where rain occurs in the valleys and higher elevations receive snow. Over the course of the
winter snow season, canopy interception, sublimation, redistribution of snow, and melt will alter
spatial snowpack characteristics (Pomeroy et al., 1998). Furthermore, precipitation observations
are complicated by sensor- and wind-induced biases (Goodison et al., 1998; Kochendorfer,
Rasmussen, et al., 2017; Nitu, 2010; Rasmussen et al., 2012) that tend to result in underestimated
water volumes if not corrected (Baghapour et al., 2017; Leeper et al., 2015; Pan et al., 2016;
Ross et al., 2020; Smith et al., 2020; Wolff et al., 2015).

Time series (TS) analysis can be applied to climatological datasets to gain a better
understanding of repeating patterns in the data. TS data can be characterized as being sequential
in nature and measured in equal time intervals. Four components can be observed in a TS
dataset, those being cycle (long-term increasing and decreasing patterns in the data), trend

(increasing or decreasing pattern present within the time series), seasonality (repeating pattern
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present at the same time interval (frequency), for example, daily, monthly, annually), and
random variation (noise in the data) (Peixeiro, 2022). Given there can be strong elevational
influences on precipitation in mountain regions, the goal of this study is to gain a better
understanding of EPGs and to see if they are constant throughout the year or if there is a seasonal
influence on precipitation in the southern Alberta Rocky Mountain Eastern Slope headwaters.

Understanding and accounting for sources of uncertainty or bias in precipitation
observation data is necessary when estimating point to point gradients, especially when one
location might be more prone to bias (such as wind-induced under-catch) than another. Snow
water equivalent (SWE) obtained from the winter snowpack can be used for comparison to
precipitation (Avanzi et al., 2021). Airborne laser scanning (ALS) technology can accurately
map mountain digital elevation models (DEM) (Hopkinson et al., 2009), and a distributed snow
depth model (SDM) by subtracting a snow free DEM from a digital snow surface model (DSSM)
captured during snow covered conditions (Deems et al., 2013; Hopkinson et al., 2012;
Hopkinson et al., 2004). The SDM is then combined with snow density (Griinewald et al., 2010)
to compute SWE (Lopez-Moreno et al., 2013). Winter precipitation observations represent snow
that falls at a single point location before any physical processes occur to modify the snowpack
(Kinar & Pomeroy, 2015) such as gravity- (Hancock et al., 2018) and wind- (Essery et al., 1999;
Li & Pomeroy, 1997; Mott et al., 2018) induced redistribution, sublimation (Essery et al., 2003),
and melt (Veatch et al., 2009) over the winter season leading up to ALS data collection.
Therefore, the expectation is that accumulated precipitation measurements will produce a larger
volume of areal water yield than the estimated winter snowpack SWE.

The objective of this research is to examine precipitation in the southern Alberta Eastern

Slopes to determine: a) if there are similar EPGs and seasonal patterns between measurement
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sites and across different elevation ranges used in this study, and b) how does mesoscale

spatialized precipitation (MSP) compare with observed accumulated snowpack SWE water yield

estimates at a watershed scale?

3.2 Methods

3.2.1 Study Area
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Figure 3.1: Southwestern Alberta, Rocky Mountain Eastern Slopes region. Castle watershed and WLNP boundaries
(black outline). Locations showing the totalizing precipitation gauge sites: a) CMR (Castle Mountain Ridge (2130
masl)); b) WFS (Westcastle Field Station (1400 masl)); ¢) Akamina (1809 masl); d) Cameron (1655 masl); ¢)
Gardiner (1940 masl); f) WC II (West Castle II (1533 masl)). Inset: Star showing the study location within Alberta,

Canada.

The study area is in the Canadian Rocky Mountain eastern slope headwaters of Alberta. It
is on the eastern side of the continental divide; bordering the United States and British Columbia
(Figure 3.1). This region is characterized by a continental climate. Prevailing winds are out of the
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southwest and Chinooks are common. The Castle Watershed (Castle) is northwest of the
Waterton Lakes National Park (WLNP). University of Lethbridge ARTeMiS Lab (ULAL)
installed Geonor totalizing precipitation gauges (Campbell Scientific (Canada) Corp., 2011) in
Castle and WLNP (Figure 3.2 a: CMR (Castle Mountain Ridge), b: WFS (Westcastle Field
Station), d: Cameron). Alberta Environment and Protected Areas (AEP) Pluvio totalizing
precipitation gauges (OTT Hydromet GmbH, 2019) are shown in Figure 3.2 (c: Akamina, e:

Gardiner, f: WC II (West Castle II)) are in close proximity to the ULAL installations.
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Figure 3.2: Site Characteristics. Paired site;Castle: a) CMR, b) WFS. Paired sites WLNP: ¢) Akamina, d) Cameron.
AEP sites in close proximity to CMR and WFS: e) Gardiner, f) WC II. Photos c: courtesy of Scott Campbell (AEP),
e and f: courtesy of https://acis.alberta.ca/weather-data-viewer.jsp.

The Castle Mountain Ridge (CMR) Geonor is in the northwestern portion of Castle. The
Geonor was installed on the crest of Gravenstafel Ridge in Sep-2015 at an elevation of 2130 m
above sea level (masl), above treeline in a primarily alpine context. The WFS Geonor was

installed in Sep-2017 at 1400 m asl (Barnes et al., 2020) within a small valley floodplain clearing
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at the University of Lethbridge Westcastle Field Station (WFS), 730 m lower and 3.75 km north
of the CMR Ridge site and on the leeward side (see Table 3.1).

In September 2017, the Kenow wildfire (Waterton Lakes National Park, 2017) destroyed
the AEP Akamina weather station and burnt most of the Cameron Valley. A third ULAL Geonor
was installed in Oct-2018 within the Cameron Valley floodplain at 1655 m asl. An AEP Pluvio
gauge was re-installed at the Akamina site in Sep-2018 at 1809 m asl. No significant forest
canopy is present, as both WLNP sites are in the burnt area. Akamina is a mid-mountain site, 321
m lower than CMR. Cameron is 1.3 km down slope and 154 m lower on the leeward side of
Akamina. Gardiner is an AEP mid-mountain site, located 7.15 km northwest of CMR and 190 m
lower. West Castle I (WC II) is an AEP valley site located within Castle, 8.5 km southeast of
WEFS and 133 m higher.

The Gardiner (installed in January 1984) and WC II (installed in Mar 1984) Pluvio gauge
sites are not in the same synoptic-scale prevailing wind field as CMR or WFS but are nearby and
at two different elevations. There are other precipitation gauge stations in Southern Alberta but
given the focus of this study was to examine local valley to upper elevation precipitation

gradients, the analysis was limited to stations in close proximity.

Table 3.1: Values above the diagonal are distances (km) between each site. Values below the diagonal are elevation
differences (m) between sites

Site CMR WES Akamina Cameron Gardiner WC II
Distance between sites (km)

CMR 3.8 43.0 43.2 7.2 7.2
WES 730 443 443 7.8 8.5
Akamina 321 409 1.3 50.2 36.0
Cameron 475 255 154 50.3 36.1
Gardiner 190 540 131 285 14.3
WCII 597 133 276 122 407

Elevation Difference between sites (m)
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Precipitation gauges located in Castle and WLNP are good candidates for examining
elevational precipitation gradients and seasonality because of their spatial proximity and
significant elevation difference. AEP headwater precipitation weather stations are located at mid-
mountain or valley sites and do not capture near proximity valley to alpine elevation
measurements (Newton et al., 2021). ULAL sites compliment the AEP precipitation
measurement network, as CMR is at an alpine elevation while WFS is located in a valley
elevation (Barnes & Hopkinson, 2022b). The Cameron valley station is in close proximity to the

AEP Akamina site but has a smaller elevation range than the sites in Castle.

3.2.2 Precipitation Gauge Data

Datasets used in this analysis were obtained from two different sources: i) ULAL Geonor

gauges https://doi.org/10.20383/102.0551 (Barnes & Hopkinson, 2022b); and ii) publicly

available AEP Pluvio gauge data. ULAL weather stations located in the southern Alberta eastern
slopes have sensor- and wind-induced bias Quality Control Corrections (QCC) applied to the
data (Barnes & Hopkinson, 2022b; Hopkinson & Barnes, 2022). Alberta Climate Information
Service (ACIS) publicly available precipitation datasets do not have these wind-induced under-
catch corrections applied (Goodison et al., 1998; Nitu, 2010) since most AEP sites do not capture
required wind speed measurements. The ULAL dataset contains all Geonor precipitation
observations for CMR, WFS, and Cameron and have undergone comprehensive cleaning,
smoothing and correction (described in Barnes and Hopkinson (2022b)). Five individual
precipitation variables represent the raw measurement (Raw_Precip), ACIS (ACIS_Precip)

processed (Wright, 2021c), additional noise removal (Noise Precip), removal of over catch
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(OC_Precip), and a correction for under catch (UC Precip), as well as the weather observations
required to compute each precipitation variable.

GoA historical precipitation data for the Alberta Rocky Mountain Eastern Slopes
headwater region are publicly accessible from https://acis.alberta.ca/weather-data-viewer.jsp
(Alberta Climate Information Service (ACIS)) (Wright, 2021a) and https://rivers.alberta.ca/
(Alberta Environment and Protected Areas (AEP) RIVERS “Alberta's River Forecast Centre:
Awareness and Communication”) system (Alberta Environment and Parks, 2019). Although two
different totalizing precipitation gauges (Geonor and Pluvio) were used, Kochendorfer, Nitu, et
al. (2017) found measurements from these sensors to be comparable. The Pluvio gauge uses a
proprietary algorithm that is intended to compensate for temperature and wind effects (OTT
Hydromet GmbH, 2019). However, AEP Pluvio precipitation data do not have wind-induced
bias corrections applied to recorded observations (Nitu, 2010; Wright, 2021b).

ULAL ACIS Precip (precipitation data prior to quality control corrected (QCC), referred
to as Precipacis in this chapter) was considered equivalent to the AEP public precipitation data
due to comparable collection and processing. However, wind-induced bias can be significant
depending on the location of the gauge (Lundquist et al., 2015). ULAL quality control corrected
(referred to as Precipqcc, equivalent to “UC_Precip” in Barnes and Hopkinson (2022b)) data
were compared with Precipacis data to illustrate the potential magnitude of under-estimation due
to wind biases. Precipocc was not computed for Cameron prior to October 2019 due to local
wind field data being unavailable. Wind data collected at the AEP Akamina site was used to
apply precipitation corrections equivalent to ULAL Precipgcc data. Quality control corrections
could not be applied to AEP Gardner and WC II precipitation since wind data were not available

at these sites. ULAL CMR, WFS, Cameron, and AEP Akamina datasets were aggregated to a
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daily timestep. All ULAL and AEP datasets were aggregated to cumulative monthly
precipitation for comparative purposes. General statistics were computed for each site. A
Spearman (non-parametric) correlation and linear regression R? matrix were calculated to
examine how sites related to each other.

Precipacis data were expected to produce a lower estimate of EPG due to a systematic
under-estimate of the true precipitation but have been included because others may compute
EPG using publicly available records that have not been corrected or quality controlled.
Precipqcc is expected to provide a more realistic estimate of precipitation and EPG but given
under-catch bias correction is modelled it could contain more uncertainty. ULAL Precipacis
equivalent datasets were used to facilitate EPG comparisons with AEP Precipacis precipitation
data. Both Precipacis and Precipocc datasets were used to examine the range of potential EPG

estimates.

3.2.3 Snowpack Data

To compare Precipacis and Precipocc at the watershed-level, mesoscale spatialized
precipitation (MSP) with simulated SWE water yield estimation, snow depth was multiplied by
snow density and area. ALS snow depth distributions are available for the West Castle
Watershed (WCW). A July 2020 ALS DEM of WCW, was used to calculate area per 100 m
binned elevation range. Snow depth per elevation bin was obtained from March 5, 2020 and
March 4, 2021 ALS SDMs (Barnes & Hopkinson, 2022a). The snow depth range for each bin
was quantified using the SDM mean depth + one standard deviation (StDev).

Snow density was computed from AEP monthly snow depth and SWE field

measurements (Pickering, 2018) in the Alberta Eastern Slopes headwater region that were
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sampled within 5 days either side of the first of each month. Akamina, Gardiner, South
Racehorse Creek (SRHC), and West Castle II (WC 1II) field sampling data from 1980 to 2021 are
available from AEP https://rivers.alberta.ca/ (Alberta Environment and Parks, 2019). AEP field
measurements collected at all four sites for the end of each February/beginning of March from
1980 to 2021 coincide with the dates of both March 5, 2020 and March 4, 2021 SDMs. Snow
density was computed using SWE divided by snow depth for each observation in the sample set
and expressed as the percentage of standard liquid water equivalent instead of kg/m>. This
approach was used in order to derive SWE estimates by multiplying snow depth by snow
density. The intent was to use an observed range for snow density that would adequately capture
watershed wide landscape and terrain variability. In this case, the range adopted was the mean +
one StDev. Both SDMs coincide with the MSPacis and MSPqcc collection period, snow depth
and density for 2020 and 2021 fall within the mean + one StDev range of the entire 1980 to 2021
sample set. ALS snow depth was combined with snow density observations to compute SWE.

SWE estimated range for each elevation bin was calculated using equation 3.1:

SWEelev_bin = snow depthelev_bin * snow denSitYelev_bin (3-1)

3.2.4 Elevational Precipitation Gradients (EPG)

Elevational Precipitation Gradients (EPG) were calculated for both the Precipacis and
Precipqcc datasets for two paired sites: 1) Castle, CMR (Figure 3.2a, upper) and WFS (Figure
3.2b, lower); and 2) WLNP, Akamina (Figure 3.2c upper) and Cameron (Figure 3.2d lower)

using equation 3.2:
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(Pupper — Plower)
EPG = (Elevupper - Ele”lower) (32)
100

where Pupper 1s precipitation from the gauge at the higher elevation (Elevupper), Plower 1S the
precipitation from the gauge at the lower elevation (Eleviower). A 7-day moving average was used

to reduce noise in the EPQG series.

3.2.5 Precipitation Time Series Components

The Precipacis monthly datasets were used to explore seasonal variations across the six
sites since Precipocc data were not available for Gardiner and WC I1. Precipacis observations
were sufficient, as accurate absolute magnitudes of precipitation or EPG are not required to
explore temporal patterns, provided relative quantities do not vary systematically by site through
time. Monthly means and a correlation matrix were computed for the six sites.

The time series for each gauge site was sub-divided into three of the four components of
seasonality, trend, and random variance using a multiplicative model (equation 3.3). The cyclical

and trend components were not used due to the time series being too short.

Ye= Cex Spx Ty Ry (3.3)

where y; is the observed value at timestep t (a monthly timestep was used in this study),

St is the seasonal component, Tt is the Trend, R, is the random variation, and C; is the cyclical

component.
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An autocorrelation function (ACF) (Box et al., 2015) was used to quantify the serial
correlation of the TS (time series). An ACF computes the linear relationship between two TS
(time series) values. The number of timesteps separating the two TS values is referred to as the
lag (Lx). The ACF was calculated between t and the previous TS value t - 1, where the time lag is
k =1. When a seasonal component is present in the TS, a cyclical pattern will be present in the
plot. ACF was calculated for each site to determine if any seasonal patterns were present using

equation 3.4:

ikt 1 V= D@k = F)
R = L

where Lk is the value of lag k at timestep t, tt is the total number of observations in the

time series, y: is the observed value at the t

interval, and y is the mean of the time series.

To extract the seasonality component, the first step is to use a moving average based on
the number of timesteps (t) within the repeating time interval of the TS. A 12-month moving
average (MA) was computed for each site’s time series using equation 3.5. The role of the MA is
to smooth the TS to obtain the general upward and downward shifts in the data. Since there are
an even number of time periods within the repeating time interval, each moving average value
does not correspond to a month (t). A centered moving average (CMA) is created using equation

3.6 to associate a 12-month MA to the correct month (t). The CMA forms the baseline for the

TS.

t+6
MA, = Bt (3.5)
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MA¢ + MAgyq

CMA, = -

(3.6)

Using the CMA, the TS can be divided into each component. The seasonal index (SI)
(Peixeiro, 2022) is a percentage of how far above or below the computed value is to the CMA
(the baseline of the TS). Positive values indicate SI is higher than CMA and negative values

mean Sl is lower than CMA. SI was calculated for each month in the TS using equation 3.7.

n ym i
Zi=1 CMAin)(i)
Shy = ——=2 | -1 (3.7)

where m is the month within the year, n is the number of repeating time intervals (i.e. the

number of times that month is present in the TS), 1 is the summation iterator.

3.2.6 Comparing Mesoscale Spatialized Precipitation and SWE Estimated Water Yield

To evaluate winter precipitation redistribution and potential loss following gauge
observation, spatialized winter precipitation was compared with ground surface snowpack
accumulation at watershed scale. For the purposes of this comparison, a simplistic linear increase
of precipitation with elevation was assumed since there was no data to support a more
sophisticated approach. Precipacis and Precipgcc (total precipitation) beginning from Oct 1 of
the previous year to the date of each respective ALS mission (Mar 5, 2020 and Mar 4, 2021) was
used to calculated mesoscale spatialized precipitation (MSP) for comparison to WCW modelled

SWE. MSP was calculated using the monthly EPG from WFS to CMR-Ridge. For the lowest
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elevation bin (Precipelev bin(m, j-1)), Where j is the j™ elevation bin, was calculated using WFS
precipitation (WFSprecipim)) where m is the month of the year, multiplied by the area of the
elevation bin (areaciev bin(=1)). For each subsequent elevation bin (elev_bin (j)), equation 3.8 was

used to calculate precipitation (Precipelev bin(m,j)) using EPG for month m.

(Pupper = Prower)

Predpelev?bin(m,j) = Predpelev,bin(m—l,j) + (WFSprecip * (W*ng(m)m) (38)
100
MSP per elevation bin (j) was calculated using equation 3.9.
MSPelev_bin(m,j) = PreCipelev_bin(m,j) * areaelev_bin(j) (3-9)

WCW mesoscale spatialized precipitation total (MSP_Totalwcw) for days from Oct 1 to
the date of the ALS mission was computed by summing both the calculated area totals for all
elevation bins and all months where nm is the number of months used to calculate the total MSP

and jj is the total number of elevation bins, using equation 3.10.

MSP_TOtalWCW = Zt:l tonm MSP(m,]) (310)
j=1to jj

SWE was calculated for each elevation bin (SWE_AreaYieldeiev bin(m,j)) using equation

3.11.

SWE_Aranieldelev_bin(j) = SWEelev_bin(j) * areédelev pin(j) (3.11)
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WCW SWE yield (SWE_Yieldwcw) was computed by summing the calculated area yield

for all elevation bins using equation 3.12.

SWE Yieldycy = XL, SWE_AreaYield()) (3.12)

3.3 Results

General statistics were calculated for each site using daily Precipacis as shown in Table
3.2. The data were non-parametric and right skewed with each site having a highly peaked
distribution. The number of daily measurements for CMR, Gardiner, WC II, and WFS were 1461
(4 years). Akamina and Cameron sites had 1070 daily measurements (almost 3 years). WC II had
the fewest precipitation days at 47% but the highest observed precipitation value of 8§7.2 mm.
Cameron had the highest number of precipitation days at 71%. CMR had the lowest observed

precipitation of 49.21 mm.

Table 3.2: ACIS daily precipitation statistics for CMR, Gardiner, Akamina, Cameron, WC II, and WFS. Upper:
statistics for all days, Lower: statistics for only days with precipitation.

CMR Gardiner  Akamina Cameron WCII WES
Mean (mm) 3.5 3.2 3.0 2.5 2.9 2.5
Median (mm) 0.7 0.4 0.4 0.4 0.0 0.2
StDev (mm) 5.9 6.2 6.0 5.2 6.7 5.4
Skewness 2.8 3.5 4.2 4.6 5.0 4.4
Kurtosis 11.2 18.1 26.8 33.7 38.5 28.9
Highest Observed (mm) 49.2 70.0 66.7 63.1 87.2 61.7
Precipitation Days (%) 65% 60% 60% 71% 47% 66%
Mean (mm) 5.3 5.4 4.9 3.6 6.0 3.7
Median (mm) 2.7 2.5 0.8 0.6 3.0 1.1

The Spearman (non-parametric) correlation and linear regression (R?) matrix using daily

Precipacis for CMR, Gardiner, Akamina, Cameron, WC II, and WFS is shown in Table 3.3. The
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strongest relationship was between the WLNP Akamina and Cameron sites with a correlation of
0.88 and R? of 0.78. WFS and Cameron also had a strong correlation at 0.84. The weakest
correlation of 0.73 was between CMR and both WC II and Cameron. The correlation between
CMR and WFS was 0.76 and R? of 0.58 even though the distance between these two sites was

only 3.5 km; however, they had the largest elevation difference of 730 m.

Table 3.3: Spearman Correlation and R? for daily Precipacis between CMR, Gardiner, Akamina, Cameron, WC 11,
and WFS.
CMR Gardiner Akamina Cameron WCII WES
Linear Regression R?

CMR 0.62 0.60 0.55 0.53 0.58
Gardiner 0.79 0.66 0.58 0.65 0.61
Akamina 0.77 0.81 0.78 0.61 0.63
Cameron 0.74 0.76 0.88 0.53 0.70
WCII 0.73 0.81 0.78 0.73 0.55
WFS 0.76 0.78 0.79 0.84 0.74

Spearman Correlation

The Precipacis monthly mean and standard deviation for each site is shown in Table 3.4.
Akamina and Cameron had a three-year time series with most of the first month of the first year
missing from the series whereas the other sites had four complete years. CMR had the highest
monthly mean precipitation during the winter months of Nov to Mar and the lowest for May,
Aug, and Sep. Gardiner’s mean monthly precipitation was highest among all sites in Oct, Apr,
May, and Jul. In Jun, WC II had the highest mean monthly precipitation of all the sites. All sites

had lowest precipitation in Jul.
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Table 3.4: Precipacis Monthly Mean and Standard Deviation (sites listed by highest to lowest elevation) for CMR,
Gardiner, Akamina, Cameron, WC II, and WFS.

Precipacis CMR Gardiner Akamina Cameron WCII WES
Elev Alpine Mid-Mountain Mid-Mountain Valley Valley Valley
(masl) 2130 1940 1809 1655 1533 1400
Mean StDev  Mean  StDev  Mean  StDev Mean StDev  Mean  StDev  Mean  StDev
Month (mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm)
Oct 90.5 16.9 111.7 13.6 102.7 14.5 914 7.8 106.8 13.7 84.7 11.2
Nov 135.5 52.1 100.1 14.0 104.3 54.5 84.6 40.3 128.4 532 90.4 34.6
Dec 166.6 394 155.3 20.6 114.5 38.7 93.1 31.6 134.0 314 90.4 123
Jan 186.9 43.9 97.4 38.1 90.2 18.0 72.5 15.1 529 24.6 58.9 11.7
Feb 156.7 53.5 101.2 55.7 81.9 9.1 733 7.4 92.1 37.7 92.8 13.1
Mar 106.3 54.9 90.1 28.1 63.7 427 58.8 36.7 71.5 42.6 62.3 27.0
Apr 105.9 26.4 121.0 123 102.0 342 94.4 294 93.5 16.1 86.4 8.9
May 79.9 30.5 112.3 32.6 105.0 17.8 104.0 249 86.1 24.9 93.6 374
Jun 99.5 344 107.8 26.8 123.1 425 104.7 39.9 126.1 434 87.0 28.4
Jul 36.0 26.1 39.1 28.8 26.9 16.6 19.0 12.2 27.7 214 354 19.1
Aug 443 26.6 61.5 27.8 67.8 423 59.5 383 56.2 384 53.9 36.7
Sep 53.9 21.9 81.6 54.0 97.4 50.1 68.0 313 70.8 39.9 62.8 33.7
Annual
Total 1262.0 1179.0 1079.6 923.3 1046.0 898.5
Min 36.0 39.1 26.9 19.0 27.7 354
Max 186.9 155.3 123.1 104.7 134.0 93.6

Precipqcc monthly mean and standard deviation for CMR and WEFS is shown in Table
3.5. CMR winter precipitation was amplified due to wind-induced under-catch corrections
(Barnes & Hopkinson, 2022b). Monthly mean precipitation for CMR was higher during Nov to
Mar and lower in Jul, Aug, and Sep. WFS had the lowest mean monthly precipitation in Jul. In

Aug and Sep, WFS observed greater precipitation than CMR.
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Table 3.5: Precipocc Monthly Mean and Standard Deviation for CMR and WEFS.

Precipqce CMR WFS
Elev Alpine Valley
(masl) 2130 1400
Mean StDev Mean StDev
Month (mm) (mm) (mm) (mm)
Oct 167.0 57.6 84.7 15.1
Nov 267.4 93.8 95.5 39.8
Dec 380.7 125.8 95.9 13.0
Jan 452.9 103.2 55.7 9.3
Feb 354.4 142.2 94.6 16.9
Mar 214.8 123.4 63.8 30.0
Apr 174.2 48.2 853 9.3
May 94.5 38.2 91.2 38.5
Jun 109.9 353 86.7 28.4
Jul 373 27.3 34.6 19.0
Aug 46.1 27.7 53.9 373
Sep 614 21.6 80.1 41.0
Annual
Total 2360.7 922.0
Min 373 34.6
Max 452.9 95.9

3.3.1 Elevational Precipitation Gradients (EPG)

The Precipacis monthly means were used to calculate monthly EPGacis from WES (the
lowest elevation at 1400 masl) to each of CMR, Gardiner, Akamina, Cameron, WC II as shown
in Figure 3.3a. There is a positive EPGacis between WFS and CMR during the snow-covered
months of Nov to Mar. During the spring melt months of Apr to Jun and the late summer to fall
months of Aug to Oct, EPGacis approaches zero or becomes negative indicating CMR has less
precipitation than the lower elevation WFS site. EPGacis for the WLNP sites (Akamina and
Cameron) track closely together as related to WFS with a maximum difference of 6 mm/100 m
per month. All sites demonstrated EPGacis values within the range of -9 mm/100 m per month to
18 mm/100 m per month with the exception of WC II which peaked at 33 mm/100m for Dec. An
inverse EPGacis (-1 to -7 mm/100 m per month) was evident between WFS and CMR in May,
Aug, and Sep. Figure 3.3b shows EPGqcc between WFES with CMR, Akamina, and Cameron.

EPGgqcc was amplified during the snow-covered months with the highest peak in Jan at 62
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mm/100 m per month between WFS and CMR. An inverse EPGgcc (-2 to -11 mm/100 m per
month) was evident in Aug and Sep for CMR and Cameron. There was no systematic

precipitation gradient suggesting other synoptic factors influence EPG at a regional scale.
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Figure 3.3: a) Monthly mean EPGacis between WES and all sites (CMR, Gardiner, Akamina, Cameron, and WC II),
b) Monthly mean EPGqcc between WFS and sites (Akamina, Cameron, and CMR).

Cumulative daily Precipacis (left axis) and 7-day moving average EPGacis (right axis) for
the CMR/WEFS Castle pair (730 m elevation difference) is shown in Figure 3.4a. The Castle
EPGacis increased to a daily maximum of 1.5 mm/100 m during the winter snow accumulation
months. EPGacis was not as strong during the spring melt season and the summer months with a
low of -1.2 mm/100 m. An inverse EPGacis (Avanzi et al., 2015) occurred in each hydrologic

year where WFS received more precipitation in the summer months than CMR. In the 2018 —
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2019 hydrologic year, CMR did not receive as much precipitation in the late winter and spring as
in the previous and subsequent years resulting in a lower EPGacis. The Akamina/Cameron
WLNP pair (154 m elevation difference) is shown in Figure 3.4b. EPGacis had a maximum of
2.7 mm/100 m. The EPGacis was higher in the fall months and lower in the early spring and

summer.
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Figure 3.4: Cumulative Daily Precipacis (primary axis - left) and EPGacis (secondary axis — right using a 7-day
moving average is a black line) for: a) Castle sites CMR (blue) and WFS (red) with a 730 m elevation difference. b)
WLNP sites Akamina (blue) and Cameron (red) datasets with a 154 m elevation difference (the series represents the
available data).
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As expected, EPGqcc was increased relative to EPGacis in Castle (Figure 3.5a) with peak
values of 4.2 mm /100 m in the winter months and decreased in the late spring and summer
months. WLNP EPGqcc (Figure 3.5b) had a peak value of 2.1 mm/100 m. Generally, Akamina

had more precipitation than Cameron throughout the entire year.
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available data).
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3.3.2 Precipitation Time Series

Seasonal (quarterly aggregated Precipacis) for all six sites is shown in Figure 3.6a. For all
sites except CMR, quarterly Precipacis was higher in the fall and spring. CMR had the highest
Precipacis in the winter and lowest in the summer months. Figure 3.6b shows Precipqcc for
CMR and WFS for the same time period as the ACIS dataset. CMR Precipqcc was amplified and

had the highest Precipgcc in the fall and winter. In the summer, WFS had higher Precipocc.
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Figure 3.6: Seasonal Precipitation (mm) for a) 2017 to 2021 Precipacis for CMR, Gardiner, Akamina, Cameron, WC
II, and WEFS; b) 2017 to 2021 Precipgcc for CMR and WFS. Box and Whisker, X is mean, bar is median, top and
bottom T are the range, coloured box is the interquartile range (quartile 1 to quartile 3), dots are outliers (data points
that are 1.5 times above or below the interquartile range). Fall: Oct- Dec; Winter: Jan- Mar; Spring: Apr- Jun;
Summer: Jul- Sep
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The ACF was calculated for each site for 24 consecutive monthly lags (Figure 3.7). CMR
shows a sinusoidal pattern with both positive and negative serial correlations indicating there
was an annual seasonality component in the TS. This pattern was not as pronounced for the other
sites. There was no consistent upward or downward trend component in the TS. As well, there
was not a long enough data record to compare or determine long-term cycles that would
contribute to a cyclical shift in the TS due to influences such as changing Pacific Decadal
Oscillation or El Nifio-Southern Oscillation global scale teleconnection patterns (Wang et al.,
2006) that are unrelated to seasonality or trend.
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Figure 3.7: Auto Correlation Function (ACF) for CMR, Gardiner, Akamina, Cameron, WC II, and WFS. The series
contains 24 consecutive months beginning with November for each site.

The Seasonality Index (Figure 3.8) was computed for each of the sites. The CMR alpine

site received most of its precipitation at the beginning of the winter snow season and less during
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the balance of the year, especially May through Sep. Akamina and Cameron seasonal indices are
within 6 % of each other for all months except Apr, May, and Sep. All sites received the least

amount of precipitation during the summer months of Jul and Aug.

100%
80%

60%

IS
s}
X

N
o
R R

L
Q
B3

Seasonality Index (%)
o
R

A
=)
B3

&
Q
B3

-80%

-100%
Oct Nov Dec Jan Feb Ma Apr May Jun Jul Aug Sep

Figure 3.8: Seasonality Index for CMR, Gardiner, Akamina, Cameron, WC II, and WFS. Alpine and mid-mountain
sites are a solid line. Valley sites are a dotted line.

3.3.3 West Castle Watershed Estimated MSP and SWE Water Yield

Estimated watershed precipitation and snow water equivalent water yields were
calculated for both the annual means as well as from the beginning of the respective hydrologic
year (Oct 1) to the date of each airborne lidar fight (Mar 5, 2020 and Mar 4, 2021). After
accounting for EPG and elevation hypsometry, WCW annual mesoscale spatialized precipitation
(MSP, Table 3.6) shows MSPacis with 133.14 x 10° m*® and MSPqcc of 175.78 x 10° m? (36%
higher than MSPacis). The most hydrologically productive elevation range was 1900 — 2000
masl with MSPacis showing 14.98 x 10° m? and MSPqcc 24.89 x 10° m?® (Figure 3.9a). The
winter MSPacis and MSPqcc was compared to the ALS SWE (Oct 1 to the date of each ALS
mission) as shown in (Figure 3.9b). The elevation range 2000 — 2100 masl was the most
productive for MSPqcc and 1900 — 2000 masl was most productive for both MSPacis and SWE.

The winter MSPacis for was ~58% of the annual MSPacis and ~70% of annual MSPqcc.
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Table 3.6: West Castle Watershed Water Yield ( x 10° m®) by Elevation Range. Mean annual yield for ACIS, QCC;
Water yield for ACIS and QCC from Oct 1 to the date of ALS, Water yield for Mar 2020 and 2021 ALS SWE

MSP and SWE Water Yield (x 10® m?)

Annual Oct 1, 2019 to Mar 5, 2020 Oct 1, 2020 to Mar 4, 2021

Area Elev Range ACIS QCC ACIS QCC SWE ACIS QCC SWE
km? masl (Mean) (Range) (Range)
11.23 1391 - 1500 10.07 10.33 4.84 4.80 0.52-3.35 4.70 4.90 0.58-3.23
11.86 1500 - 1600 11.23 13.24 5.70 7.33 1.17-5.07 5.58 7.34 1.27 -4.61
11.69 1600 - 1700 11.64 15.35 6.21 9.45 1.57 - 6.86 6.10 9.38 1.52-5.96
12.15 1700 - 1800 12.70 18.33 7.06 12.13 2.10-9.98 6.96 11.96 1.74 - 8.55
12.07 1800 - 1900 13.22 20.58 7.62 14.35 2.35-13.23 7.54 14.09 1.71-11.20
13.08 1900 - 2000 14.98 24.89 8.91 18.06 2.21-15.68 8.85 17.66 1.53-13.46
11.70 2000 - 2100 13.97 24.54 8.55 18.37 2.09 - 14.29 8.51 17.93 1.32-12.37
8.94 2100 - 2200 11.13 20.52 6.99 15.75 0.85-10.58 6.97 15.34 0.26 -9.14
6.15 2200 - 2300 7.95 1532 5.11 12.00 0.12-6.63 5.11 11.67 0.00-6.13
3.35 2300 - 2400 4.50 9.00 2.95 7.18 0.00 - 3.50 2.95 6.97 0.00 - 3.07
0.95 2400 - 2500 1.32 2.74 0.89 2.22 0.00 - 0.81 0.89 2.15 0.00 - 0.66
0.26 2500 - 2630 0.38 0.81 0.26 0.66 0.00 - 0.23 0.26 0.64 0.00 - 0.16
103.44 113.09 175.65 65.08 122.28 12.99 - 90.21 64.41  120.03 9.93 - 78.55
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3.4 Discussion

There was seasonal variation in both daily computed EPGacis and EPGqcc at the Castle
and WLNP sites. At the local scale (valley to alpine), annual elevation precipitation gradients
were generally consistent. EPG was enhanced in winter and decreased into the spring and
summer. EPGqcc was amplified in the Castle dataset due to CMR Precipocc depths that were
almost double that of the Precipacis records, especially in the winter months due to high wind
speeds and high rates of estimated under-catch. A similar increase occurred in WLNP EPGqcc
although was smaller than Castle.

The monthly aggregated Precipacis demonstrated pronounced seasonality at all six AEP
(Gardiner, Akamina, WC II) and ULAL (CMR, WFS, Cameron) sites. Precipitation was higher
in the winter months and lower in the summer months for all sites. The seasonality index showed
two peaks in the early winter as well as the spring for all sites. Akamina and Cameron had the
closest seasonality patterns suggesting they encountered the same local weather patterns. There
was no consistent rate of precipitation increase with elevation either seasonally or annually
between all locations. Site differences can be problematic (Kochendorfer, Nitu, et al., 2017) and
introduce more uncertainty in precipitation measurements. Logistically, alpine sites are difficult
to access and maintain. Wind fields can be turbulent causing equipment failure and precipitation
measurement errors. Local atmospheric circulation patterns (Barros & Kuligowski, 1998;
Collados-Lara et al., 2018; Luce et al., 2013; Roe, 2005; Smith, 2019) and mountain geometry
(Galewsky, 2009; Houze, 2012) such as slope and aspect (Daly et al., 2002; Jeong et al., 2020)
can affect MSP and EPG rates. Lower level water baring clouds (similar to those seen in CMR
webcam imagery (Barnes & Hopkinson, 2022b)) do not always encounter the top of mountain

peaks and can precipitate only at lower elevations. Given the level of uncertainty in EPGacis and
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EPGqcc rates, it is questionable as to how reliable modelled precipitation is in this region,
especially since EPG rates vary depending on which stations are used for such calculations.

Precipitation gridded for WCW quantified modelled MSPacis and MSPqcc volumes.
Annual MSPqcc was more than one third higher than MSPacis. However, in the lowest elevation
range, Precipacis and Precipqcc sensor noise and wind-induced under-catch adjustments did not
differ significantly (Barnes & Hopkinson, 2022b) resulting in MSPacis and MSPqcc being
similar for the two datasets. As elevation increased, Precipacis and Precipqcc diverge with
differences being more than double within alpine elevation ranges. By comparing MSPacis and
MSPqcc to ALS-derived mid-winter snowpack SWE estimations per elevation range, it was
possible to visualise the potential elevational interaction of precipitation entering a mountainous
watershed and the resultant snowpack following redistribution and other modifications. MSPqcc
was above the range of modelled SWE for all elevations. Precipacis measurements appear
implausibly low since the calculated MSPacis fell within the range of modelled SWE except for
valley and upper alpine elevations. This is unrealistic given SWE experiences losses over the
winter due to melt cycles and sublimation as well as gravity and wind-induced redistribution
(Vionnet et al., 2021) from higher to lower elevations (Griinewald et al., 2014; Mott et al., 2018).
SWE should be considerably lower than observed MSPacis indicating measurement errors (i.e.
under-estimations) are likely large if under-catch corrections are not applied to high elevation
precipitation records. However, publicly available precipitation records tend to conform to the
Precipacis standard and not corrected Precipgcc, so this needs to be considered when such data
are used for water yield estimates or as inputs to hydrological models.

Aggregating the watershed elevation ranges into valley, treeline, and alpine (Table 3.7) it

was possible to examine which zones generated the highest MSP and ALS derived estimated
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SWE. The largest physical area in WCW is at elevations located in the lower treeline category
which was the most hydrologically productive in the watershed for both MSP and ALS-modelled
SWE. Although MSP was lowest within the alpine zone, it still accounted for 18% of the QCC
precipitation and 14% of ACIS precipitation. The ALS-modelled winter snowpack indicated a
lower 11% of watershed SWE in the upper alpine zone suggesting that gravity and wind
redistribution processes (Mott et al., 2018) transportation to lower elevations, which is consistent
with findings of Griinewald et al. (2014). Simulated watershed wide MSP may systematically
over-estimate snow accumulation and melt in upper elevations unless snowpack redistribution is
accounted for. There are no precipitation gauges located fully within the alpine elevation zone.
This is a concern for spatially distributed water resources assessment, since highly productive
elevations are not monitored. Therefore, alternative methods are required to better understand

and quantify water resources in these higher elevations.

Table 3.7: Estimated annual and mid winter WCW MSPacis, MSPocc, and SWE water yield (x10° m?) by valley
(WFS, WC II, Cameron), treeline (generally between 1700 to 2200 masl, McCaffrey and Hopkinson (2021), low
treeline: Gardiner, Akamina, high treeline: CMR), and alpine.

Valley Low Treeline High Treeline Alpine
Elevation Range (masl) below 1700 1700 - 2000 2000 - 2200 above 2200 Total
WCW Area (km?) 3479 (34%) 3730  (36%) 20.64 (20%) 1071  (10%) 103.44
Annual MSPacis 3294  (29%) 4090  (36%) 25.10 (22%) 14.16 (13%) 113.09
Annual MSPqcc 3892  (22%) 63.80  (36%) 45.07  26%) 27.87 (16%) 175.65

Oct 1,2019 - Mar 5, 2020 MSPacis 1675 (26%) 2359  (36%) 1554 (24%) 921 (14%)  65.08
Oct 1,2019 — Mar 5,2020 MSPocc ~ 21.57  (18%) 4454  (36%) 34.12 (28%) 2205 (18%)  122.28
Mar 5, 2020 ALS SWE (mean) 928  (18%) 2277 (44%) 1391 (27%) 564 (11%)  51.60
Oct 1,2020 — Mar 4, 2021 MSPacis  16.38  (25%) 2335 (36%) 1548 (24%) 921 (14%)  64.41
Oct 1,2020 — Mar 4, 2021 MSPocc ~ 21.62  (18%) 4371  (36%) 3327 (28%) 2143 (18%)  120.03
Mar 4, 2021 ALS SWE (mean) 859  (19%) 19.10  (43%) 11.54 (26%) 501 (11%) 4424

3.5 Conclusion

This study focused on the southwestern Alberta Canadian Rocky Mountain headwaters
region to examine valley to alpine elevational precipitation gradients and seasonal patterns. The

goal was to determine if EPG varied with season or between sites and therefore could be applied
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across the southern Alberta eastern slopes for water resources or flood forecasting. Publicly
available Alberta Climate Information Service (ACIS) and quality control corrected (QCC)
precipitation datasets were compared with each other as well as to observed winter snowpack
distributions. Castle (WFS-valley to CMR-alpine sites with a 730 m elevation range) exhibited a
more systematic elevation control at a daily timestep. However, daily computed EPGacis and
EPGqcc showed a considerable difference for Castle with most precipitation occurring in the
winter snow season between Jan to Mar. At the end of each year, EPGacis and EPGqcc leveled
off or became slightly lower since the alpine CMR site received less precipitation than the WFS
valley site. EPGacis and EPGqcc for WLNP (Cameron-valley to Akamina-upper slopes with a
154 m elevation range) varied throughout the year although Akamina received more annual
precipitation than Cameron.

There was a strong correlation of 0.96 between the Akamina and Cameron sites due to
their proximity (1.3 km) and smaller elevation difference (154 m). CMR and WFS had the
biggest difference in Precipacis and Precipqcc as well as the largest elevation range of 730 m
which resulted in the lowest correlation of 0.54. There was a weak but slightly stronger
correlation of 0.59 between CMR and Gardiner, despite being almost double the distance (7.2
km) relative to WFS (3.8 km), presumably due to the smaller elevation difference (190 m vs. 730
m). Taken together, these data suggest that precipitation depth correlations in this region weaken
either with spatial or elevational separations exceeding on the order of ~2 km and ~200 m,
respectively.

Monthly EPGacis between the proximal WFS and CMR sites confirm the expectation of
increased precipitation with elevation during the winter months. An inverse EPGacis occurred in

May, Aug, and Sep. EPGqcc from WFS to CMR showed an amplified winter EPG pattern and
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inverse EPG in Aug and Sep for all three sites. Monthly precipitation depths did not increase
linearly with elevation between all sites. A pronounced seasonality was observed in the
precipitation data, but the signal was more subdued at the lower elevation sites as it related to the
Castle and WLNP. Since a seasonality component was observed, a single year-round linear
precipitation gradient is not valid, so any model of montane precipitation across the SW Alberta
headwaters requires a seasonally variable EPG.

Large differences in Precipacis and Precipocc depths and an inability to directly observe
gauge losses mean it is virtually impossible to validate the accuracy of precipitation depths from
a water resources perspective. However, an innovative comparison of hypsometric interpolations
of winter MSPacis and MSPqcc records to two mid-winter ALS snow-covered sampling
missions over the West Castle Watershed did allow a direct comparison of atmospheric
precipitation to in situ snowpack accumulation. The most hydrologically productive elevation in
WCW for both mid-winter spatialized precipitation and ALS-estimated water yield was at
treeline elevations between 1700 — 2200 masl.

Given melt, sublimation and redistribution processes occur throughout the winter period,
accumulated snowpack is expected to be lower than total cumulative precipitation. The MSPacis
watershed total was ~14% greater than ALS-estimated SWE, MSPqcc provided a more
reasonable difference to mid-winter SWE with exceedances of 37% for the Mar 2020 and 42%
Mar 2021 throughout the elevation range. This suggests that while public records require
correction to provide a better absolute estimate of atmospheric precipitation, neither corrected
nor uncorrected precipitation records are a reliable basis for estimating in situ snowpack water

yields in such montane environments.
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4 In-Situ LED-Based Observation of Snow Surface and Depth Transects

Abstract

As part of a new snowpack monitoring framework, this study evaluated the feasibility of
using an LED LIDAR (Leddar) time of flight sensor for snowpack depth measurement. The
Leddar sensor has two additional features over simple sonic ranging sensors: (i) the return signal
is divided into 16 segments across a 48° field of view, each recording individual distance-to-
target (DTT) measurements; (ii) an index of reflectance or intensity signal is recorded for each
segment. These two features provide information describing snowpack morphology and surface
condition. The accuracy of Leddar sensor DTT measurements for snow depth monitoring was
found to be < 20 mm, which was better than the 50 mm quoted by the manufacturer, and the
precision was < 5 mm. Leddar and independent sonic ranger snow depth measurement showed
strong linear agreement (7% = 0.98). There was also a strong linear relationship (2 = 0.98)
between Leddar and manual field snow depth measurements. The intensity signal response was
found to correlate with snow surface albedo and inversely with air temperature (» = 0.77 and

—0.77, respectively).
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4.1 Introduction

Wintertime snow accumulation and associated snowmelt provide a significant
contribution to water resources in regions with seasonal snow packs (Natural Resources Canada,
2010) as surface water is “locked up” in a frozen storage state (Barrows & Horton, 1907;
Paznekas & Hayashi, 2016). Snow depth and density measurements are required to quantify the
amount of snow water equivalent (SWE) that will be released from the snowpack at the time of
melt. Of the two variables, snow depth is the major component of SWE (Griinewald et al., 2010).
Alberta Rocky Mountain headwater snowpack monitoring (Government of Alberta, 2018) has
been operational for several decades, using both destructive and non-destructive techniques

(Kinar & Pomeroy, 2015). A snow probe and weighing tube are used to obtain field validation
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depth and SWE (Lopez-Moreno et al., 2013; Pickering, 2018). This provides an accurate single
point measurement but disturbs the snowpack in the process, making future measurements
difficult to repeat at the same location. The second operational monitoring method in the
headwaters uses non-destructive sonic ranging devices (Campbell, 2018) to measure snowpack
depth (Gubler, 1981; Ryan et al., 2008). Such units can be mounted on a tower pointing over the
ground surface. Ultrasonic pulses are emitted and echoes are received by the sensor. The return
signal is used to calculate snow depth by differencing distance-to-target (DTT) measurements
when the snow surface is present from the DTT observation of the no-snow ground surface,
following air temperature compensation. These sensors have a high degree of accuracy, but
depth is an average obtained from the total sensor footprint (the further from the target, the larger
the footprint) including undulations in the ground and snow surface. Snowpack depth is
continuously recorded over the snow season. Sonic ranging sensors do not describe the
snowpack morphology, structure, or density characteristics.

The intent of this study was to examine a low-cost (*<1000 Canadian dollars) and low-
power (4 watt) alternative to the contemporary sonic ranging snow depth sensor. The low-cost
low-power Leddar Tech IS16 (hereafter referred to as Leddar) sensor is a LIDAR (light detection
and ranging) based “time of flight” device. It emits a single LED (light emitting diode)-diffused
light source beam in the near infra-red (NIR) 940 nm wavelength. The return signal is divided
into 16 segments. Both temperature compensated DTT and light intensity are observed and
measured for each segment. The Leddar unit has added features over the sonic ranging sensor,
those being a DTT and intensity response for each of the 16 segments of its footprint. There is
limited light transmission into the surface of natural snowpacks (Warren, 2019), making LED

technology an ideal candidate for snow depth monitoring by calculating the difference of the
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DTT snow surface from the bare earth DTT. Sonic ranging sensor pulses penetrate freshly fallen
snow, producing an underestimation of snowpack depth (Fischer, 2011; Ryan et al., 2008).
Beyond evaluating the potential to observe snow surface height and snowpack depth, a further
goal of this study is to evaluate which, if any, snowpack features can be inferred from the
additional intensity signal attribute collected by LED ranging sensors.

The snowpack surface texture and reflectance change over time as the pack evolves due
to increasing and decreasing depths from snow accumulation, ablation, compaction, and
wind/gravity-induced redistribution (Essery et al., 1999; Pomeroy et al., 1998). As the snowpack
evolves, variation in crystal grain size and structure (Deems et al., 2013; Seidel et al., 2016;
Warren, 1982), density, and the amount of water within the pack occurs (Eppanapelli et al.,
2018; Hannula & Pulliainen, 2019). Ice lenses form within the pack during melt and refreeze
cycles (Kinar & Pomeroy, 2015). Impurities such as dust or dirt settle in the snowpack (Hannula
& Pulliainen, 2019). Coalesced and/or wet snow has a lower albedo than freshly accumulated
snow (Peltoniemi et al., 2005). As the snowpack ages and eventually becomes isothermal, the
reflectance signature changes (Kulkarni et al., 2002; Negi et al., 2010).

The spectral response or albedo of snow is dependent on snow crystal grain size, age of
the snow, and amount of water and impurities in the pack (Warren, 2019). This causes the
spectral response to be different at various stages of metamorphism. “Fresh” new snow produces
the highest spectral reflectance over aging snow, soils, and vegetation (Warren, 1982) in the 940
nm band, in which the Leddar unit operates. At the 940 nm band, spectral albedo ranges from
approximately 0.5 to 0.9. The continuous spatiotemporal intensity signal has the potential to be
used to detect changes in snowpack surface characteristics. For example, it should be possible to

use the intensity signature to detect when snow is falling on the pack’s surface, since fresh snow

74



has a higher reflectance than older snow. These variations in the snowpack should be detectable
in the Leddar’s DDT and intensity signals. The expectation is to see an increase in the spectral
response for new snow accumulation and a decrease as the snowpack compacts and
metamorphoses over time.

This study assessed the performance and features of the Leddar sensor. The objectives
were to: (1) examine the Leddar sensor performance and the controls on the Leddar intensity
signal; (2) compare the continuous temporal snowpack depth measurements of the Leddar with a
standard sonic ranging sensor and infrequent field depth data observations to quantify sensor

precision and accuracy for this particular application.

4.2 Materials and Methods

4.2.1 Leddar and SR50A Sensor Specifications

The Leddar and SR50A sonic ranging sensors used in this study each capture DTT
measurements. An approximation of the respective Leddar and SR50A DTT sampling areas is
shown in Figure 4.1a. The LeddarTech IS16 sensor (Figure 4.1b) is a solid-state, pulse-based,
time-of-flight LED LIDAR ranging instrument that receives return signals on a 16-channel
photodetector (LeddarTech Inc., 2018). The unit’s internal processing chip performs a full
waveform analysis on all segments of the return signal. When the “object demerging” feature is
enabled, it is possible for the sensor to detect multiple objects at varying distances and intensities
within its field of view (FOV). LED technology is sensitive to ambient temperature (Kipp et al.,
2014), and an inverse relationship exists between external temperature and light output

(illumination) (Bullough, 2003). A temperature sensor is located on the Leddar circuit board near
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the emitter optics (LeddarTech Inc., 2018; Olivier, 2016). Proprietary algorithms compensate for
this temperature sensitivity and are used to calculate distance measurements within the
manufacturer’s specified precision and accuracy (Messiaen, 2019).

The photodetector chip on the Leddar sensor has limited distance detection (Olivier,
2016) and uses the intensity (amount of light captured by the receiver) property as part of the
calculation for detecting multiple objects at varying distances within the FOV. The Leddar
sensor range is zero to 50 m (Table 4.1). The sensor has a 48° X 8° sampling FOV. The ground
surface footprint (seen in Figure 4.1a) is dependant on the height of the sensor above the target
and defined by the beam length and depth. The length of the beam on the ground is 0.89
multiplied by the distance to the target. Each segment is 1/16 of the total beam length. The depth

of the beam is 0.14 multiplied by the distance of the sensor to the target.

y

Raspberry
Pi

Distance ||(Height)

|l sensor

e 4 Eramy

Depth 1 2 3 4 56 78 9

<€—— SR50A Beam —>
€—— leddar Beam Length —————>

() (b)
Figure 4.1. (a) Leddar and SR50A sonic ranging device co-located on a tower. Approximation of sensor beam
footprint; not to scale. Leddar segment 1 orientation is the north side of the tower. The sensor emits defuse LED
light and receives return signals for 16 segments. The ground surface footprint is dependant on the height of the
sensor above the target, and the beam length and depth. (b) LeddarTech IS16 pulsed based time of flight LED
LIDAR sensor logging to a Raspberry Pi 3.
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LeddarTech technology is used for industrial applications, such as vehicle collision
detection, in which fast response times from the sensor are required (Olivier, 2016). The distance
measurement accuracy reported by the manufacturer is 50 mm, the precision of the sensor (if the
intensity return signal is greater than the manufacturer’s specification of 15) is 6 mm, and the
resolution is 10 mm. For this study, the Leddar sensor was statically mounted over the ground
surface at a fixed height of 2.93 m with a calculated beam length of 2.61 m (each segment length
is 0.16 m) and depth of 0.41 m. In comparison, the SR50A sensor emits ultrasonic pulses. The
sensor’s footprint on the ground surface is circular with an approximate radius of 0.27 multiplied
by the height of the sensor above the target surface. A temperature corrected measurement for
DTT is averaged over the entire footprint as a single reading. The distance range of the SR50A is
0.5 to 10 m. The SR50A DTT measurement accuracy as reported by the manufacturer is 12 mm
on a 3 m high mount, and the resolution is 0.25 mm. A comparison of the technical specifications

of Leddar and SR50A units is shown in Table 4.1.

Table 4.1. Leddar and SR50A sonic ranger manufacturer technical specifications (Campbell Scientific (Canada)
Corp., 2016; LeddarTech Inc., 2018).
Sensor Leddar IS16
Type Leddar LED Multichannel LIDAR sensor, built-in processing chip
performing proprietary temperature adjusted Full-Waveform analysis for
multi-object detection distance measurement

SR50A Sonic Ranging Device
SR50AA Sonic Ranging Sensor
with independent temperature
compensation

Manufacturer LeddarTech Inc. Campbell Scientific (Canada) Corp.

Distance 0to50m 0.5to 10 m

Operating —40 °C to +50 °C —45 °Cto +50 °C

Temp

Accuracy +50 mm Quoted for a moving target +10 mm or 0.4% of DDT (greater

value)
Precision 6 mm (manufacturer specification
if intensity > 15)

Resolution 10 mm 0.25 mm

Measurement Up to 50 Hz Less than 1.0 second

Rate

Emitter Single LED diffused light source beam Sonic Ranging ultrasonic pulses

Receiver Measurement of backscatter on a 16-Channel photodetector array Listening for return echoes

Beam Length 48° (Distance from sensor * 0.8905) 30° (Radius = 0.268 * Height)

Segment 1/16 of the Beam Length (Beam Length / 16) N/A

Length

Beam Depth 8° (Distance from sensor * 0.1402) N/A

Wavelength 940 nm (infrared) 50 kHz (Ultrasonic) electrostatic
transducer
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4.2.2 Field Deployment Setup, Configuration, and Data

Leddar and SR50A instrument testing and snowpack validation were completed at the
University of Lethbridge West Castle Field Station (WFS), located in the headwaters of the
Oldman River Basin, Alberta, Canada from 2017 (December 14) to 2018 (April 27). The Leddar
unit was mounted on the weather station tower coincident with a SRS0A such that the beams of
the two sensors partially overlapped, as shown in Figure 4.1a. The ground surface beneath the
Leddar and SR50A sensors had a downward slope of 0.07 m over a distance of 3.0 m.
Meteorological data was collected at the tower site for wind speed, wind direction, temperature
(temp), barometric pressure (BP), relative humidity (RH), and incoming and reflected shortwave
(SW) and longwave (LW) radiation (Figure 4.2). A temperature sensor under the Leddar unit at
the ground surface collected ground temperature. A totalizing precipitation gauge located nine
meters south of the tower provided cumulative precipitation data.

To validate Leddar and SR50A sensor snow depth measurements, eleven site visits took
place from December 21 to April 27. Biweekly to monthly field measurements occurred during
the months of December to March. At the onset of snowmelt, sampling was done at a weekly to
daily time interval. Snow depth field measurements using a graduated avalanche probe were
taken by standing behind the tower out of the sensor field of view and sampled directly under the
Leddar unit. Field depth measurements collocated and coincident in time with the Leddar
deployment were collected to support and validate both the Leddar and SR50A measurements.
Leddar, SR50A, and meteorological data were extracted from the 15-minute timestep dataset for
a four-hour time period when field measurements occurred. The mean, minimum, and maximum

were calculated for the SR50A. The mean for the Leddar was derived from the mean value of all
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segments. Minimum and maximum were extracted based on the range of values from all

segments of the Leddar sensor.
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Figure 4.2. The West Castle Field Station tower and snow depth monitoring sensors (Leddar and SR50A), the
totalizing precipitation gauge located south of the tower, and the meteorological sensors for the 2017-2018 snow
season collecting wind speed, wind direction, air temperature (temp), barometric pressure (BP), relative humidity

(RH), and incoming and reflected shortwave (SW) and longwave (LW) radiation. A temperature sensor was located
at the ground surface to collect ground temperature.
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4.2.2.1 LeddarTech IS16 (Leddar) Configuration and Laboratory Calibration

The Leddar configuration settings determine the accuracy, precision, and resolution of
the emitted and return signals for DTT and intensity measurements (Figure 4.2). The Leddar’s
LED pulse rate is 102.4 kHz. The parameter configuration selected maximized the accuracy and
precision of object detections that resulted in a maximum range of 21.3 m (LeddarTech Inc.,
2018). “Crosstalk removal” and “object demerging” were both enabled to reduce return signal
degradation from objects detected in other segments.

The control and logger system for the Leddar sensor had a similar design to that of (Xi et

al., 2019), wherein the Leddar unit was used for 3D digital canopy foliage sampling. The Leddar
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unit (Figure 4.1b) was connected to a Raspberry Pi 3 (RP) running the Raspbian OS through a
2.0, 12 Mbits/s USB cable (Figure 4.3). A computer program (Xi, 2017) executed Leddar SDK
(software development kit) commands to obtain DTT, intensity, and status flag for a 15-minute
time step. At the start of the collection interval, the Leddar unit was “turned on” to acquire
continuous pulse measurements for a period of one minute. For each measurement, the 16-
channel photodetector divided the return signal into separate segments where a full waveform
analysis was performed by the Leddar onboard processing chip. The resulting measurement was
returned to the RP. The program then went into a “wait” state for the next 14 minutes.

The RP program converted Leddar range measurements (R) into vertical distance (V)

(Baltsavias, 1999) values using Equation (4.1).

V1 = (Ri + Re) cos(¢) cos(a + P(i-8.5) + y(i-8.5)%) (4.1)

Ri is the range measurement of the i segment, R, is the fixed shift of the range
measurement from the true range, ¢ is the fixed zenith boresight shift, a is the azimuth boresight
shift, B is the i segment’s angle deviation from the boresight on Leddar beam plane, and v is the
2™ order non-linear angle deviation (8.5 is the offset to the center of segments 1 to 16). Leddar
calibration parameters were determined in the laboratory. The Leddar unit was mounted facing a
flat level reference surface with no zenith deviation (¢ = 0). Measurements were taken at varying
boresight angles (o) and vertical distances (V) from Leddar optical emitter center to the
reference surface. Re, a, B, and y are the calibration parameters. Vt, R;, and ¢ are known values.

This made it possible to infer Re, B, and y from Equation (4.1) based on the Gauss—Newton
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algorithm with Huber robust function (Binder & Kostina, 2013) to get the best parameter fit in

order to evaluate the accuracy of the Leddar measurement.

Table 4.2. Leddar measurement configuration settings used for the 2017-2018 snow season.

Parameter Configuration  Description

Distance Units cm Unit of measurement for distance to target

Accumulations 1024 Range: 0 to 1024. Higher values enhance the range
for DTT below 10 m, reduce the measurement rate
and noise

Measurement Rate 1.5625 Hz Range: 1.5625 to 50 Hz. Rate of signal measurement.

Lower values give highest accuracy and precision
(also known as Refresh Rate)

Oversampling 8 Range: 1-8. High values reduce measurement rate
and increase accuracy

Point Count 12 The number of base sample points

Threshold Offset 0.00 Range: —5% to 100%. Modifies intensity threshold.

At 100%, no detections. Negative values increase
likelihood of false measurements.

LED Control Automatic LED power level setting

Change Delay 1 (640 ms) Number of measurements before sensor changes LED
power level

Object Demerging Enabled Indicates detection of multiple objects in return signal

Crosstalk Removal Enabled Degradation compensation from object detections in
other segments

Useful Range 213 m Leddar sensor computed value based on configuration
settings

Two data files were created: the first containing the raw measurements per pulse for each
of the 16 segments stored on the RP (see Figure 4.3 *raw.txt Data File at the top right of the
diagram); the second created from the downloaded raw RP data file through a post-processing
step. The raw RP data file contained a record for each segment number, timestamp, VT, intensity,
and status flag of the return signal. For each of the 16 segments, two possible status flags could
be received, those being “Flag = 1 and “Flag = 35.” Depending on the status flag received for
the measurement cycle, the program captured between 20 to 60 observations for the 15-minute
time interval. The post processing step creates a single record in the second data file for each 15-
minute collection interval using the raw RP data as the input file. The record contains the
timestamp; and for each segment the record is appended to include segment number, the mean

distance to target and intensity for each flag, the count of the number of measurements for each
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flag, the total number of measurements, and a percentage of the number of “Flag = 1” returns for

the given 15-minute measurement interval (see Figure 4.3 *Final.csv Data File at the bottom left

of the diagram).
Sample Record in *raw.txt
Leddar IS16 Segi#, Timestamp,DTT,Int,Flag
RP program initiates 1,13551:14.43,2.9700,26.77,1
. . 2,13:51:14.43,2.9355,36.

Emitted ___Get Detections Record $138114.4428690.49.59.1
Bea Y Raw 4,13:51:14.44,2.8338,64.56,1
— — ] . 5,13:51:14.44,2.8169,76.50,1
“‘*—-—Rl}_ Detections 6,13:51:14.44,2.8060,79.46,1
Leddar — [~ 7,13:51:14.44,2.7850,83.51,1
Full Wavef ’ 8,13551114.44,2.7764,82.52,1
u averorm | — 9,13:51:14.44,2.7852,84.32,1

— 10,13:51:14.44,2.4755,67.75,35

Processed Return 10,13:51:14.44,3.6746,22.71,35

11,13:51:14.44,2.8235,84 40,1

SEgmentS 12,13:51:14.44,2.8463,73.59,1

13,13:51:14.44,2,8648,59.63,1
14,13:51:14.44,2.9110,46 46,1
15,13:51:14.44,2.9829,35.55,1
16,13:51:14.44,3.0342,23.05,1

16 Channel

Photodetector
Raspberry Pi 3
Leddar SDK

12 C++ Leddar programming

> Download
Standard *raw.txt
120V AC Ethernet
Main Power Crossover Cable
*Final.csv Data File (one record for each 15-minute Timestamp) N
(Each Segment is listed sequentially per Timestamp) —_— ‘ﬁt.
TS,Seg#, DTT-F1, DTT-F35,Int-F1,Int-F35,Cnt-F1,Cnt-F35, Tot-Flags, %F1 Processing

Figure 4.3. Data flow diagram of the Leddar-Raspberry Pi for the 2017-2018 Snow Season. TS refers to timestamp,
Segt refers to segment number, DTT-F# is the distance to target for flag number, Int-F# is the intensity for flag
number, Cnt-F# is the number of returns received for the status flag number, Tot-Flags is the total count of both flag
numbers, and %F1 is the percentage of Flag = 1 returns for the segment.

The Leddar’s on-board processing chip computes status “Flag = 1" as a valid return
signal of a single object detected in the emitted beam. “Flag = 35” is a valid return but is
interpreted by the sensor as more than one object detected within the same segment as a result of
the enabled “object demerging” configuration setting. “Flag = 35 is considered noise in the data
due to an implicit assumption that no objects should exist between the statically mounted Leddar
sensor and the ground or snowpack surface. These measurements are retained in the final post

processed data file, but they are not used for the snowpack depth calculation. The presence of
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“Flag = 35” does not mean all data for a given segment are invalid. If the timestamp contains
data with the “Flag = 17 status, a valid return signal has been received for the specific segment.
As part of the quality control process, the “noisy” (Flag = 35) Vr and intensity values are
discarded from the specific segment. The count of noisy returns is retained and used in the

analysis.

4.2.2.2 SRS50A Sonic Ranging Device

The SR50A was configured using a Campbell Scientific CR1000 data logger (Campbell
Scientific (Canada) Corp., 2016) with standardized temperature-adjusted programming for a 15-
minute data collection interval for the distance to target measurement. Real-time temperature
compensation is performed using the temperature sensor located adjacent to the Leddar and

SR50A on the instrument tower (Figure 4.2).

4.2.2.3 Meteorological Sensors

Quality assurance corrections were applied to the complete meteorological dataset. The
totalizing precipitation weighing gauge accumulates rain and snow in a catchment bucket. It is
susceptible to diurnal and long-term drift, evaporation, the under-catch of snow caused by wind
during a precipitation event, and the over-catch from blowing snow (Earle et al., 2014;
Kochendorfer et al., 2018). Totalizing precipitation weighing gauge data adjustments followed
the methodology described by (Leeper et al., 2015; Pan et al., 2016). Initial manual cleaning was

completed to correct gauge measurements resulting from sensor maintenance tasks such as
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emptying liquid when the catchment bucket was full. To correct for diurnal, long term drift, and
evaporation, negative and small positive changes were removed using a threshold of 0.11 mm
unless a precipitation event was in progress in prior and subsequent measurements. To reduce
overestimation of under catch above the sensor, the correction of the wind field was limited to
speeds greater than 1.2 ms ™! and less than 6.5 ms™. Precipitation measurements were calculated
using the change in the catchment bucket volume from the previous measurement.

Incoming shortwave radiation (SWI) and reflected shortwave radiation (SWR) were
collected from a Campbell Scientific CNR1 (Campbell Scientific (Canada) Corp., 2015) net
radiometer mounted on the same tower as the Leddar and SR50A units. CNR1 SWI and SWR
data were used to calculate albedo (ratio of SWR over SWI) for both a one-hour and daily
averaged interval. Measurements greater than one were discarded as SWI must always be greater
than SWR. Undulations in the snow surface or other highly reflective objects in close proximity
to the CNR1 can produce additional backscatter that is recorded by the sensor (Mannstein, 1985).
There were five days when the albedo calculation was greater than one. For those days, daily

albedo was computed using the mean from the previous and subsequent day.

4.2.3 Aggregated Datasets for Analysis

The final post-processed 15-minute dataset contained 12,844 records. Snow depth (Dsnow)
was calculated for each of the Leddar segments and SR50A sensors by subtracting the baseline
“no-snow” (Vo = 2.93 m) ground measurements from subsequent “snow’ surface (V)
measurements (Equation (4.2)). The mean Leddar Dsuow, VT, and intensity were calculated across
the 16 segments, where Vr is estimated from Equation (4.1). Several of the Leddar segments

possessed “noisy” (Flag = 35) data records, which were removed prior to calculating the means.
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Dsnow = Vo— V1 (4.2)

Aggregated datasets were created using quality-controlled data for all sensors to reduce
the dataset to a manageable size. A daily timestep was created using the 24-hour mean for all
variables. To maintain a higher temporal resolution while retaining diurnal variability, a second
data file contained records for the mean of the 15-minute data at a one-hour timestep. The dataset
contained 3159 one-hour observations. The “proportion of clean returns” is the total number of
one-hour observations containing “Flag = 1” (clean) data relative to the “total number of
observations” for the timestep. The calculated percentage is the “total observations” divided by
the total number of “clean” observations. The “proportion of noisy returns” is the total number of

one-hour observations divided by the total number of “Flag = 35” (noise) one-hour observations.

4.2.4 Controls on the Leddar Intensity Signal

To investigate the drivers of the Leddar intensity signal through time, a Pearson’s
correlation matrix was computed for the hourly dataset to examine relationships and potential
collinearity between variables. Variables selected were wind speed (WS), daily albedo, air
temperature, relative humidity (RH), ground temperature, SRS0A snow depth, hourly
precipitation, the Leddar VT, intensity, and proportion of clean returns per timestep. Univariate
statistical analysis was completed for the Leddar intensity and proportion of clean return signals
for air temperature, daily albedo, VT, and relative humidity after being identified as “variables of
interest” in the correlation matrix. The correlation analysis was limited to only sample periods
when complete snow cover was present beneath the Leddar unit (21 December 2017 to 27 April

2018).
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4.2.5 In-Situ Evaluation of LeddarTech IS16 Sensor’s Precision, Accuracy, and

Performance

An initial test of the Leddar sensor precision was completed in the field on 14 December
2017 before the start of the 2017-2018 data collection. A 1.22 m X 2.44 m painted plywood
reflective target used by (Okhrimenko et al., 2019) for LIDAR radiometric calibration was
placed level on the ground to compensate for the sloped surface under the Leddar sensor to
increase the intensity of the return signal. Leddar DTT and intensity data as well as SRS0A DTT
measurements were captured in 15-minute increments for a four-hour time period. The SRS0A
and the Leddar segment 16 beams did not fall fully within the target surface due to the sensor
field of view being larger than the target dimension. The Leddar beam length was 2.61 m, which
exceeded the painted target’s length of 2.44 m. Leddar status “Flag = 1” observations were used
to calculate the mean distance to target and intensity for each of the 16 segments.

A second analysis was completed to evaluate the precision of the Leddar unit when
operating over a snowpack surface under completely stable conditions; i.e., during a period when
the snowpack was in a stable state such that settling, compaction, and crystallization had no
significant impact on sensor observations. Several criteria were used to select a time period to
test for consistent measurement in snow depth once snowpack settling had taken place.
Influences from solar radiation were removed by selecting a sampling interval between 20:00 to
06:00. The air temperature was less than —5.0 °C prior to and throughout the sampling interval to
avoid the melting and refreezing metamorphoses of crystalline structures (Pomeroy et al., 1998;
Warren, 1982). No precipitation event occurred for several days prior to observation to remove
accumulation, compaction, and settling influences (Peltoniemi et al., 2005). Wind speeds

approaching zero were desired to remove redistribution of the snowpack surface (Essery et al.,
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1999). Due to an unusually warm winter with few days between precipitation events, there was

only one time period from 26 December 2017 to 27 December 2017 meeting these criteria.

4.3 Results and Discussion

The Leddar daily data were used to plot both snowpack depth and intensity for the winter
2017-2018 snow season. Figure 4.4 shows snowpack depth variability across the 16 segments of
the sensor footprint, while increases in depth through time represent the snow fall accumulation
events. Settling, compaction, or a mid winter melt are seen as decreases in depth over time.
Snowpack surface morphology and texture within the sensor field of view are illustrated
orthogonal to the time axis. The rapid reduction in snow depth at the end of the time series was

due to spring melting as air temperatures and day length increased in mid to late April.
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Figure 4.4. Leddar snow depth 15 December 2017 to 27 April 2018.

The Leddar intensity for the 16 segments is shown in Figure 4.5. At the beginning and

end of the series, low intensities are associated with patchy snow combined with bare soil and
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vegetation at the ground surface level. Higher intensity values occur when snow cover
completely fills the sensor field of view. During the period of 100% snow covered area (SCA),
intensity increases immediately following snow accumulation events and then gradually
decreases as the snowpack settles and metamorphoses. These patterns of increasing and
decreasing intensity are synchronous with increases and decreases in depth, but the magnitudes
of depth and intensity change are not visually correlated. Intensity responses are strongest at
nadir segments with decreasing values toward the outer edge of the field of view. The laser radar
equation shows there is an inverse relationship with DDT and the intensity response (Baltsavias,
1999; Grams et al., 1972). Segments at nadir are closest to the ground surface and have the
highest intensity. For each segment starting at nadir going to the edge segments of the sensor,

distance to the ground increases and there is a corresponding decrease in intensity.
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Figure 4.5. Leddar intensity return signal from 15 December 2017 to 27 April 2018. Before the implementation of
all of the quality control steps.
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4.3.1 LeddarTech IS16 Sensor Performance

4.3.1.1 Signal data noise

The Leddar DTT measurement is dependent on the “clean” (“Status Flag = 1”) return
signals and intensity amplitude. Due to the Leddar demerging configuration setting being
“enabled,” the sensor occasionally recorded signals with a “Flag = 35” status (noisy returns).
Analysis was completed for the entire hourly time series (14 December 2017 to 27 April 2018)
dataset to evaluate the amounts of “clean” (proportion of clean returns) and “noisy” (proportion
of noisy returns) return signals for all segments (Table 4.3a). The proportion of timestep
observations with no clean returns (Table 4.3b) is the amount of missing clean data for the
individual 15-minute data sampling measurements. Intensity (Table 4.3¢c) for segments near
nadir received the highest values, while edge segments received the lowest intensity
measurements. Of note, the two edge segments on both sides of nadir had minimum intensity
values below the manufacturer’s specifications for DTT accuracy threshold which occurred
during the time period of no-snow. Segment 10 had an abnormally high noise fraction
throughout most of the observation period. This segment does not appear to be representative of
the sensor. The noise was potentially caused by internal damage or contamination within the

optical receiver.
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Table 4.3. From 14 December 2017 to 27 April 2018, n =3211 (1-hour timestep) per segment (SEG) for the entire
data collection period. (a) Leddar data series proportion of clean and noise returns. (b) The proportion of timestep
observations with no clean returns refers to the amount of data for all 15-minute measurement cycles where the
sensor did not detect any clean readings. (c) Leddar intensity signal minimum, maximum, mean, and range.

SEG Proportion of Proportion of Proportion of timestep Intensity
Clean returns  Noisy returns observations with no Min Max Mean Range
Clean returns
1 99.2% 0.8% 0.0% 100 452 293 35.2
2 99.7% 0.3% 0.0% 137 616 408 47.9
3 97.5% 2.5% 0.0% 186 820 550 63.4
4 96.4% 3.6% 0.1% 248 1051 709 80.3
5 94.6% 5.4% 0.1% 260 1232 834 97.2
6 91.1% 8.9% 2.1% 303 1280 87.8 97.6
7 88.9% 11.1% 2.2% 321 1340 926 101.9
8 84.9% 15.1% 5.6% 316 131.7 927 100.1
9 81.7% 18.3% 5.5% 313 1345 948 103.1
10 33.4% 66.6% 38.5% 292 1353 1051  106.1
11 87.5% 12.5% 1.2% 293 1361 943 106.8
12 84.8% 15.2% 5.9% 246 1188 839 94.2
13 88.4% 11.6% 0.3% 204  96.1 66.3 75.7
14 97.0% 3.0% 0.0% 176 756 519 58.0
15 98.5% 1.5% 0.4% 129 578 397 44.8
16 96.9% 3.1% 1.4% 77 383 26.0 30.6
@) (b) (c)

The noise was plotted over time to find potential relationships with snowpack conditions
and meteorological influences. Figure 4.6 shows the proportion of the data per time step that
received noisy returns in relation to the total number of returns. The least amount of noise was
observed in the middle of the series once the SCA was fully present at the end of December and
before melt conditions initially occurred in mid-March. Segments near nadir experienced more
noise during episodic snowmelt periods late in the winter season, when there was higher water
content in the snowpack. Some noise may have been caused by solar contamination,
precipitation, wind redistribution of snowpack surface grains, or higher moisture content when

the pack entered a freeze/thaw stage or became isothermal and melted out.
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Noise (Proportion)

Figure 4.6. Leddar “noise” in the data from 14 December 2017 to 27 April 2018. The noise is the proportion of the
data per time step that received noisy returns in relation to the total number of returns. Time series of readings
culminated in Table 4.3a—proportion of noisy returns.

4.3.1.2 Temperature Sensitivity

The high-resolution time series data demonstrated the intensity amplitude shifted by 10 or
more units immediately before some snowfall events (Figure 4.7). This indicated at least some of
the shift in signal intensity associated with snowpack accumulation events was not a function of
the snowpack surface condition but instead was impacted by the inverse relationship between
LED light output power and ambient temperature (Huang et al., 2009). Figure 4.7 show five
events (precipitation: blue bars; air temperature: black; intensity: red) with increases and
decreases in the intensity response prior to and during the events. These data show that signal
intensity tends to vary inversely with air temperature leading into the precipitation event, and is
likely a hardware response demonstrating some thermal sensitivity within the Leddar unit.
Consultation with the manufacturer confirmed both internal hardware components and
environmental conditions influence the sensitivity of the Leddar intensity signal (Messiaen,

2019). Further analysis is required to separate out the ambient temperature influence on the
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hardware vs. the surface reflectance response; however, this preliminary illustration of an inverse
relationship with temperature suggests that temperature-based correction of the intensity

response, while not implemented here, could be achievable.

Leddar Intensity and Air Temperature during Sample Precipitaticn Events
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Figure 4.7.Leddar intensity (mean all segments), air temperature, sample precipitation events. Initial examination of
the Leddar intensity signal suggests an LED light output sensitivity to air temperature.

4.3.1.3 Controls on the Leddar Intensity Signal
The full winter season 1-hour dataset with Leddar intensity signal, proportion of clean
returns, air temperature, daily albedo, and Leddar Vt data show moderate to strong correlations

(Table 4.4).

Table 4.4. Pearson’s Correlation coefficient (r) for the Leddar (mean of all segments) sensor and other
meteorological variables for the given timestep. “% Clean” is the proportion of clean returns.

Daily Albedo Air Temperature Leddar Vr Leddar Intensity
r r r r

Leddar Intensity 0.77 -0.77 -0.43 -

Leddar % Clean 0.59 -0.57 -0.13 0.74

The daily albedo and Leddar intensity return signal show a correlation of 0.77. There
should be a relationship between these two variables as they are both a measure of reflectance.

Higher reflectance values are received from fresh dry snow when smaller snow grain sizes are
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present (Dozier et al., 2009). Lower reflectance values occur as the snowpack metamorphoses as
a result of changes in crystal structure and increased snow grain size (Dozier & Painter, 2004;
Negi et al., 2010). Reflectance of aged, wet, and melting snow is lower than that of fresh, dry
snow (Dozier et al., 1988; Peltoniemi et al., 2005). Ice layers formed from melt/freeze cycles
have similar reflectance properties to that of wet snow (Hannula & Pulliainen, 2019; Warren,
2019). Albedo and the proportion of clean Leddar returns showed a moderate correlation of 0.59,
which indicates that noise tends to diminish as snowpack reflectance increases.

There is a correlation of —0.77 between the air temperature and the Leddar intensity
signal (Table 4.4). In addition to potential hardware influences (discussed above), air
temperature also influences the snowpack properties of grain size and structure (Warren, 1982).
As air temperatures increase and approach 0 °C, the snowpack begins to ripen (higher water
content) and surface reflectance reduces (Kaasalainen et al., 2006).

There is negative correlation between air temperature and the proportion of clean Leddar
returns at —0.57 (Table 4.4). The proportion of clean returns was elevated during cooler
temperatures. As air temperature approached 0 °C and warmer, more noise was present in the
data. This could be influenced by another driver that auto-correlates with seasonal variations in
temperature, such as freeze/thaw conditions at the surface of the pack during the melt phase,
suggesting noise levels increase as the snow surface melts.

No relationship exists for Vr and the clean return signal (» =—0.13), but V1 and intensity
demonstrate a correlation of —0.43. The further the target is from the sensor, the less backscatter
received (Kashani et al., 2015). Since the Leddar unit was statically mounted on a tower facing
the ground surface, the largest DDT values occur before the snowpack is present. At this point,

the sensor is observing the vegetation and soils which have a lower spectral reflectance than
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snow in the NIR 940 nm band. As the snowpack builds, DDT is reduced, and Leddar intensity
increases due to the higher albedo of snow, as well as the shorter range. As the pack starts to
melt out, spectral reflectance values decrease from the higher water content in the snowpack as
well as the increased distance to the ground surface.

Intensity and proportion of clean returns are positively correlated (» = 0.74, Table 4.4).
The intensity signal and proportion of clean returns were plotted through time once the snowpack
emerged. Box plots in Figure 8 are broken down by hour-of-the-day and further by month. Both
the proportion of clean returns (Figure 4.8a) and the intensity signal (Figure 4.8b) show diurnal
patterns. Signal “noise” and intensity ranges are elevated during daylight hours from midday
onwards, which appear to correspond with temperature and daylight variations. Maximum noise
and lowest intensity are associated with warmer afternoon temperatures, while minimal noise
and slightly elevated Leddar reflectance occur in the morning after sunrise but during local
diffuse sky radiation. The pattern was more dominant in March and April, when most daytime
air temperatures were above 0 °C. The least amount of noise occurred in February when air
temperatures were between —20 to —35 °C with only a few days approaching or above 0 °C.
There are two potential contributing factors: (i) occasional melt, ripening processes, and higher
water content at the surface of the snowpack; and/or (ii) solar contamination of the signal during
the afternoon. With the diurnal variation in sensible heat flux and net surface radiation balance
over the snowpack, it is possible the Leddar signal is sensitive to the changing snowpack surface
structure and increasing snow grain size. There is a corresponding increase in noise levels in
March and April when diurnal energy inputs to the pack can be most extreme. Any sensitivity to
changes in surface structure, would be expected to be observed during the onset of melt

conditions late in the season.
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Solar contamination cannot be ruled out, however, as the skyview surrounding the
instrument tower is most open to the west with mountain ridges dominating the south and north
skyline. Consequently, if solar contamination occurs, it would be expected in the afternoon, with
the level of contamination increasing as the solar zenith and range in azimuth increase later in the
season. It is believed that both surface freeze/thaw processes and solar contamination play a role
in influencing diurnal intensity and noise patterns, but further investigation is required to

quantify the relative influence and identify which is dominant.
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Figure 4.8. Proportion of clean signals (a) and mean hourly Leddar signal intensity (b) by month from December to
April. The box delineates the lower 25th and upper 75th percentiles. The dashed T-lines are the minimum and

maximum values and open circles to the left and right of the dashed T-line are outliers. The black dot inside the box
is the mean.
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4.3.2 Range and Depth Observations

4.3.2.1 Leddar Calibration

The root-mean-square-error (RMSE) of range-to-Vr calibration conducted in the
laboratory using Equation (4.1) was 13.0 mm. The parameter values (and standard error): 3,
3.134° (0.010°); v was —0.044° (0.003°); and Rc was —0.307 m (< 0.001 m). The calibrated § was
just over the LeddarTech product specification of 3.0° (LeddarTech Inc., 2018).

Results of the Leddar and SR50A reflective target testing from December 14, 2017 (as
described in 4.2.5), are shown in Figure 4.9. The Leddar DTT follows a systematic arc from the
optical receiver to the target surface (LeddarTech Inc., 2018). Segment DTT is shortest at nadir
and increases toward the edge segments. The range of DTT values show consistent
measurements for all segments within 20 mm and a maximum standard deviation for all
segments of 5 mm (Figure 4.9a) over a four-hour duration. The SRS0A measurement varied to a
higher degree with a DTT range of 210 mm and a standard deviation of 70 mm. Under controlled
conditions, variation in the Leddar measurements was very low and more precise than the
SR50A. The intensity signal (Figure 4.9b) follows an expected systematic inverse pattern with
highest values at nadir and decreasing towards the outer segments. The footprint for segment 16
was at the edge of the target and was contaminated with bare soil and grass returns, resulting in
the lowest intensity relative to other segments. The intensity measurement over the four-hour
period for segment 16 was 11.1 which was below the Leddar manufacturer’s threshold of 15.
However, the DTT standard deviation for segment 16 was 3 mm. The temporal stability of
measurements from this Leddar sensor testing are consistent with the findings of (Parsons &

Hopkinson, 2016) in their preliminary investigation of the Leddar technology.
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Figure 4.9. Reflective target placed on the ground under the Leddar unit. SRS0A footprint and Leddar Segment 16
were not contained within the target surface. (a) Boxplot of Leddar and SR50A DTT, (b) boxplot of Leddar
Intensity. (Note: SR50A does not return intensity signal measurements).

4.3.2.2 Snow Depth Validation
The full winter season 1-hour Leddar and SR50A depth dataset contained 3211 records.
Table 4.5 shows snowpack depth for the SRSOA and each Leddar segment when the snowpack

reached maximum depth on 8 April 2018 at 10:00. Snow depth varies across the Leddar field of
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view with lowest measurements of 0.75 m in segments 5 through 7 and largest observations of
0.85 m for segments 14—16. This difference is easily within the expected variance associated
with the slightly sloping ground surface and undulations in the snowpack surface. The snow
depth recorded for the SRS0A was 0.83 m. The SR50A measurement falls within the range of the
Leddar snow depth for segments 13 and 14. SRS0A observations are not necessary expected to
be the same as any individual Leddar segment due to the size and shape of the different sampling

footprints (Figure 4.1).

Table 4.5.Maximum snowpack depth occurred on 8 April 2018 10:00. Leddar segments and SR50A snow depth.
From 14 December 2017 to 27 April 2018 winter season 1-hour dataset, n = 3211.

SR50A Leddar Segment (m)
(m) 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
0.83 0.81 0.79 0.80 0.77 0.75 0.75 0.75 0.76 0.77 0.75 0.78 0.78 0.81 0.85 0.85 0.85

Comparable Leddar, SR50A, and field validation data are presented in Table 4.6. The
Leddar “Proportion clean returns” reduces as air temperatures increase during melt conditions.
The Leddar footprint shows a range in snow depth from a low of 0.08 m to a high of 0.17 m
across all segments. The SRS0A snow depth measurement was between zero to 0.04 m for all

site visits except the last when significant melt occurred in a short period of time.

Table 4.6. Manual field measurement, SR50A, Leddar (all 16 segments), mean air temperature, and daily albedo.
Manual snow depth measurements taken from behind the tower out of the sensor footprints under the Leddar unit,
but exact location varied with each visit.

Site Visit Date 21- 05- 21- 15- 26- 27-
Dec Jan 20-Jan Feb 04-Mar 09-Apr Apr 19-Apr Apr 27-Apr Apr
Start Time 18:30 11:00 15:00 10:45 14:45 14:00 14:00 18:15 06:00 07:00 11:15
End Time 22:30  15:00 19:00 14:45 18:45 18:00 18:00 21:45 10:00 11:00 12:30
Snow Depth (m)
Manual Field Sample 0.35 040 036 070 0.74 0.77 053 058 028 020 0.17
SR50A Mean 0.31 044 036 0.66 0.72 0.71 059 057 029 021 0.17
SR50A Min 0.29 042 0.35 0.65 0.72 0.70  0.59 056 028 0.20 0.06
SR50A Max 0.31 045 036 0.69 0.72 0.73 060 058 029 022 0.20
Leddar Mean 0.28 0.36 0.31 0.61 0.66 0.65 054 053 023 0.14 0.12
Leddar Min 0.24 0.32 027 054 0.61 0.59 048 046 0.16 0.08 0.06
Leddar Max 0.38 0.40 037 070 0.74 0.75 0.62 061 032 024 021
Proportion clean returns ~ 92% 83% 81% 93% 93% 59% 47% 49% T9% 63% 28%
Air Temperature (°C) -6.2 32 03 -134 -74 7.4 7.5 5.0 4.8 5.1 16.8
Daily Albedo 0.84 0.83 0.80 0.81 0.85 0.77 069 073 0.59 0.58 0.58
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A regression plot of Leddar and SR50A snow depth (Figure 4.10a) shows strong
agreement between the two sensors (7° = 0.98). Figure 4.10b shows the mean for the Leddar
snowpack depth values across all segments plotted against the single field snow depth
measurement below the Leddar unit. There is low confidence that the manually collected field
data represent the whole Leddar or SRS0A sampling footprint. Single manual sampling depth
observations were obtained from the back of the tower outside the sensor footprints reaching
approximately 1 m to the location under the Leddar unit attempting to minimize snow surface
disturbance. The manual measurements fall within the Leddar segment array distribution range
as seen in Table 4.6 but were not co-located to any individual segment. The Leddar segment
means tend to fall below the field measurement resulting in a bias on the order of ~0.05 m due to
variability in snow depth among all segments or manual field measurement errors such as the
probe not penetrating to the ground surface from ice layers at the base of the pack. However,

despite this small bias Leddar and field depth data show a strong regression (° = 0.98).
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Figure 4.10. (a) Plot of Leddar segment mean against SRS0A mean snowpack depth. (b) Plot of Leddar segment
depth range (bars) and mean (blue square) against manual field measurements.
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4.3.2.3 Leddar Snow Depth Stability

The night-time sampling interval that met the stable sampling constraints of air
temperatures consistently below —5 °C with no precipitation or wind, was a 10-hour period
between 20:00 on 26 December 2017 to 06:00 27 December 2017. Table 4.7 shows snow depth
for the Leddar segments and SR50A. The range in snow depth measurement of each individual
Leddar segments was <5 mm, while the range in SR50A snow depth over the single footprint
was >20 mm. The precision observed for the Leddar sensor exceeds the manufacturer quoted 6

mm when intensity is greater than 15 (LeddarTech Inc., 2018).

Table 4.7. Leddar and SR50A sensor snow depth data from 20:00 26 December 2017 to 06:00 27 December 2017
nighttime sampling period meeting the minimum specifications.

Leddar Snow Depth (m)

Segment Mean STDev Min Max  Range
1 0.191 0.001 0.190 0.194 0.004
2 0.181 0.001 0.180 0.183 0.003
3 0.189  0.001 0.188 0.190 0.002
4 0.179  0.001 0.178 0.181 0.003
5 0.157 0.001 0.156  0.158 0.002
6 0.162  0.001 0.161 0.164 0.003
7 0.161 0.001 0.160 0.163 0.003
8 0.174 0.001 0.173  0.176  0.003
9 0.179  0.001 0.178 0.182 0.003
10 0.169  0.001 0.168 0.172  0.003
11 0.173  0.001 0.172  0.175 0.003
12 0.176  0.001 0.175 0.178 0.003
13 0.191 0.001 0.189 0.193 0.003
14 0.212  0.001 0.211 0.215 0.004
15 0.197 0.002  0.195 0.200 0.005
16 0.211 0.001 0.210 0.214 0.004

SR50A (m) 0.174 0.008 0.164 0.185 0.021

4.4 Conclusions

This proof of concept study examined the feasibility of using a LeddarTech IS16 LED

LIDAR-based sensor for snowpack surface morphology, depth, and reflectance measurements.
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The sensor was co-located and tested against a Campbell Scientific SRS0A sonic ranging snow
depth sensor during the 2017-2018 winter season. Controls on the intensity signal, comparison
to SRS0A snow depths, Leddar distance-to-target (DTT) precision, and accuracy were evaluated.

The Leddar sensor data showed variability in magnitude of the intensity signal during the
formation, settling, ripening, and ablation of the snowpack as well as when precipitation events
took place. Prior to snowpack formation, vegetation and soils produced more noise in the dataset
as well as lower intensity responses. Lower intensity and increased noise also occurred during
surface melt conditions. More noise was present in segments closer to nadir than at the edges of
the Leddar footprint. Diurnal variations in the intensity and noise levels increased later in the
season, suggesting that solar contamination of the Leddar signal could be present and that
mitigation measures need to be explored. There was a high correlation between albedo and the
intensity signal (0.77) as well as noise (0.59). Air temperature demonstrated a negative
correlation (—0.77) with intensity, which was likely at least partly a function of hardware
sensitivity, though it could also be influenced by surface melt lowering the intensity response.
Further analysis is required to quantify and better understand the impact of air temperature on the
intensity signal.

The Leddar sensor data showed variability in snow depth measurements across the 16-
segment footprint during snowpack accumulation, compaction, and ablation events. Examining
sensor performance when the snowpack was in a stable state showed Leddar snow depth
observations varied <5 mm in comparison to >20 mm for the SRS0A measurements. These
Leddar observations exceed the manufacturer’s specification for accuracy at 50 mm and
precision of 6 mm for intensity values greater than 15. Despite the environmental sensitivities

experienced by the Leddar unit, the sensor demonstrated accurate and precise depth
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measurements throughout the winter season. The Leddar and SRS0A snow depth measurements
displayed a strong linear relationship (+ = 0.98), with virtually no bias and a slope of 0.99.
Leddar and manual field measurements also showed strong agreement (+° = 0.98). Leddar
measurements during initial testing using a reflective target were within 20 mm for DTT,
compared to 210 mm for the SRS0A sensor.

LED LIDAR has great potential for low-cost monitoring of a range of snowpack
conditions, including depth measurements for 16 independent beam segments, surface
morphology, and possibly surface reflectance if temperature influences on the internal optics can
be mitigated. The base components used in this study were obtained for a combined approximate
cost of <CA$1000, which is similar to a new sonic ranging sensor. Meanwhile, in-situ Leddar
snow depth observations can be made at higher precision and accuracy, over multiple segments
along a transect, while the intensity signal and noise response show promise for either
characterising snow surface properties and/or perhaps precipitation. Compared to traditional
laser-based ranging sensors, LED LIDAR has a low intermittent operational power requirement,

making it a suitable candidate for remote deployment where power options are limited.
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5 Comparing Mountain Snowpack Depth Model Results from Different Airborne

Laser Scanning Flight Path Samples
Abstract

The objective of this study is to evaluate the performance of an Airborne Laser Scanning
(ALS) snow sampling strategy using two distinct flight paths within a mountainous watershed.
Drivers of snow depth variability (canopy, elevation, topographic position index, aspect) were
used to generate a classified snow accumulation unit (SAU) raster for the Westcastle watershed,
Alberta (103 km?). A “Least Cost Path” (LCP) analysis and an ‘expert’ three-transect selection
(T3) were used to create two flight path scenarios that each sampled <18% of the watershed area
and maximized the number of represented SAUs. Watershed “wall-to-wall” snow depth was
predicted from the T3, LCP, and combined T3+LCP sampling data using ESRI’s Forest Based
Regression. The variance was ~ 83% for each of the three FBR scenarios. However, validation of
the watershed-wide observed versus FBR predicted snow depth at watershed-scale produced R?
=0.72 and RMSE = 0.38m for the combined T3+LCP flight line and R? = 0.66 (RMSE = 0.43m)
for T3 alone. The LCP sampling did not perform as well (R?> = 0.34, RMSE = 0.61m), indicating
grid cell-level SAU attributes need to be supplemented by latitudinal and longitudinal sampling
that captures beyond grid cell-level hydro-climatological trends across the watershed. By flying
sampling corridors that capture land surface attributes representative of the spatial variability of

snow depth, watershed-scale snow volumes can be predicted.
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5.1 Introduction

Winter snow accumulation and subsequent snowmelt can be a dominant contributor to a
region’s water resources, as is the case in Western Canada (Natural Resources Canada, 2010).
This has been recognised in the Government of Alberta’s “Water for Life” initiatives that
promoted better understanding and sustainable management of water resources draining the
Eastern Slopes of the Canadian Rockies (Alberta Environment, 2003). Mountain snowpack
monitoring (Government of Alberta, 2018) is an important part of Alberta’s water supply
(Alberta Environment, 2003) and flood risk forecasting (Alberta Environment, 2009). The
Government of Alberta collects field snowpack data across the Eastern Slopes every month
during winter (Pickering, 2018).

There is high spatial variability of snow depth in mountain environments (Botteron et al.,
2013) so manual sampling alone cannot characterize snowpack depths and volumes at a
watershed-scale. Quantifying the Snow Water Equivalent (SWE) stored in the snowpack is a key
factor in estimating available mountain headwater resources, and it is obtained by multiplying
snowpack depth and density. Depth is the more important variable to capture due to site level
averages ranging from no snow to centimetres to metres, while late winter density tends to fall
within a limited range of 30-50% (Cartwright et al., 2020). An overarching objective of the
research presented is to devise an efficient remote sensing snow depth sampling and prediction
framework that complements existing field monitoring to deliver a spatially explicit operational
data product at the watershed-scale.

Airborne laser scanning (ALS) can map mesoscale watersheds at sub-metre spatial
resolution. A high-resolution snow depth model (SDM) is created from ALS by subtracting a

snow-free digital elevation model (DEM) from an ALS snow surface model (SSM) (Deems et
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al., 2013; Hopkinson, Collins, et al., 2012; Hopkinson et al., 2004). ALS coverage for a single
flight mission over the mountains in winter is limited to a few hundred square kilometres. Due to
limited daylight and favourable flying conditions in winter, ALS snow depth mapping across
entire Canadian Rockies’ headwater watersheds is not viable as an operational public sector
monitoring tool. Therefore, there is a need for suitable flight line sampling strategies that do not
rely on “wall-to-wall” coverage (e.g. (Cartwright et al., 2021). Due to the physical constraints of
fixed wing aircraft operations, the only practical flight configurations for airborne sampling are
either grid or corridor-based missions. Therefore, it is not possible to design a perfect random
sampling approach, as to do so would, for practical purposes, require we cover most of the
watershed area, and thus defeat the purpose of sampling, which is to save time and cost. The
intent of the aerial sampling design is to include as much randomness in the sample as is
practically feasible by following a path that contains as much sample variance as possible
(Kothari, 2004; Teddlie & Yu, 2007).

To reduce ALS mission sampling time, a single corridor-based flight line through the
watershed can be created using a “Path Finding” strategy (Madkour et al., 2017). Static goal-
oriented shortest-path algorithms attempt to find routes from predetermined source to destination
points of interest (Zhiguang & Doren, 2011) based on the shortest distance and “cost”
accumulated from cells between the two points. Path finding techniques are used in a variety of
areas, a few of those being transportation systems, computer games (Zhiguang & Doren, 2011),
sightseeing tours (Worndl et al., 2017), migration patterns (Gustas & Supernant, 2017), and
wildlife monitoring (Alexander et al., 2016). Landscape features are used to develop cost
surfaces, which are used to find the easiest traversable routes between points of interest (also

known as the “static goals”).
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The objective of this technical note is to build on preliminary lidar sampling and
imputation work by Cartwright et al. (2021) and evaluate two systematic ALS flight line
sampling strategies for predicting watershed-wide snow depth. The proposed sampling strategy
involves finding flight paths through the watershed that adequately represent snow depth
variation across terrain and landcover classes, such that a watershed-wide map of spatially

explicit snow depth can be predicted.

5.2 Experimental Design

Phase one of this snowpack monitoring framework was demonstrated by (Cartwright et
al., 2020; Cartwright et al., 2021). Watershed-wide snow depth was predicted using the R-Studio
(R Core Team, 2020; RStudio Team, 2020) Random Forest tool. Two ALS sample lines flown
along either edge of the Westcastle watershed demonstrated that while snow depth could be
modeled across the watershed, this form of flight path sampling produced large errors due to
under-represented SAUs. The present study is the next phase in the development of an
operational snow depth monitoring framework, where two different sampling strategies are
systematically tested and compared. The innovation here is not that ALS or Random Forest can
be used to reconstruct snow depth beyond the area sampled, rather it is that the flight line
sampling path matters and that reasonable watershed-wide estimates can be obtained with <20%
sampling if configured to capture the main sources of snow depth variation in the watershed. The
ALS sampling scenarios were tested with the same 24-Feb-2014 ALS SDM dataset used by
Cartwright et al. (2021), where watershed-wide snow depth mapped at 1m grid cell resolution
was observed to vary from 0 to >10 m, with a mean of 1.5 m. The ESRI 64-bit ArcPro (ESRI,

2020a) version 2.5 software routines were used for spatial prediction purposes, as these tools are
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simple to implement and are accessible to public sector practitioners. The random forest
algorithm based on Breiman (2001) was introduced into ArcPro. The tool simplifies the selection
of most of the training and prediction configuration parameters and adds the potential for future
automation. The purpose of this phase of the study is to evaluate two sampling strategies that
attempt to represent the natural variability in snowpack at watershed-scale in a time- and cost-
effective manner, and then to predict snow depth across the full watershed.

While dominant snow depth controls vary across mountain regions (Griinewald et al.,
2013), elevation, aspect, terrain relief, and forest cover are known to be important drivers of late
winter snowpack distributions in Alberta’s Eastern Slopes (Cartwright et al., 2020). Snow depth
tends to increase with elevation above the valley floor and is greatest in the treeline ecotone
(Hopkinson, Pomeroy, et al., 2012). More snow is present below rocky outcrops (Griinewald et
al., 2014) and across shallower slopes with features such as gullies and bowls. In alpine areas,
there is no significant vegetation to trap snow, and high winds cause scouring resulting in snow-
free or shallow snow depths on exposed high elevation slopes. Snow depth increases on leeward
sides of slopes from blowing snow (Anderson et al., 2014; Mott et al., 2014). Snow is more
persistent over north-facing aspects and melts out more quickly over south-facing aspects
(Dornes et al., 2008). Mature and denser vegetative canopies intercept snow resulting in less
snow at the ground surface (Veatch et al., 2009).

Landscape and terrain drivers of snow depth were combined into a Snow Accumulation
Unit (SAU) raster for the watershed, such that equivalent SAU signatures can exist in multiple
locations within the watershed. The flight paths over these SAUs need to be constrained to a
small number of “straight-line”” segments with minor heading changes, so an airplane can fly

through the watershed with minimal attitude variation. Using airborne corridor flight paths
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means strict random sampling is not possible from a practical standpoint. ALS flight lines were
created by traversing the watershed capturing as many unique SAU signatures as possible.
Random Forest (RF) machine learning was then used to train and predict the spatial variation in
watershed-wide snow depth from the sampled flight path data. RF machine learning is a
statistical tool (Breiman, 2001) that fits both categorical or continuous data with probability or
regression decision trees. The seeding function in RF algorithms is used to randomly sample data

within the flown corridor to build decision trees for model training and subsequent prediction.

5.3 Data and Methods

The study area is the Westcastle watershed (103 km?) in the Canadian Rocky Mountain
Eastern Slope headwaters of the Oldman River Basin, Alberta (McCaffrey & Hopkinson, 2020).

To create the base snow depth model (SDM), two ALS “wall-to-wall” surveys were
flown over the Westcastle watershed by Airborne Imaging (Calgary, Alberta). The “snow-oftf”
survey took place on 20-Sep-2014 using a Leica ALS 70 sensor at an altitude of 11,000 ft and
ground speed of 140 kts. The pulse repetition rate was 130 kHz, scan frequency of 27 Hz, and
Field Of View (FOV) was 42°. The “snow-on” survey was collected on 24-Feb-2014 using an
ALTM 3100EA sensor at a flying altitude of 11,000 ft and ground speed of 130 kts. The pulse
repetition rate was 50 kHz, scan frequency of 28.5 Hz, and scan angle was + 20. The datasets
were processed in the horizontal NAD83(CSRS) / UTM zone 11N and vertical CGVD28
reference frames.

ALS data collected from both survey missions were processed using Bentley (Bentley
Systems Inc., 2016) MicroStation version 8i/TerraScan (Terrasolid Limited, 2020), Golden

(Golden Software LLC, 2020) Surfer version 11, and Golden Scripter. The Bentley/TerraScan
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software application was used to process the raw point clouds for both missions. The “wall-to-
wall” point dataset was divided into tiles for QA and classification. Air and isolated points were
deleted from the datasets. Ground was classified from single and last returns. The TerraScan
ground classification algorithm uses a “minimal” point selection criterion where only points on a
plane that vary in elevation or slope by a set threshold are added to the ground class. The ground
class was output from Bentley/TerraScan and used to create a gridded digital elevation model
(DEM). Golden Scripter was configured with a triangular irregular network (TIN) interpolation
method at a one-metre grid cell size to create a DEM (one for each of the snow-off and snow-on
datasets). The SDM was created by subtracting the snow-off DEM (DEMgnow-ofr) from the snow-

on DEM (DEMsnow-on).

SDM = DEMsnow—on - DEMsnow—off (5 1)

A canopy height model (CHM) requires both a digital surface model (DSM) and a DEM
from the same point cloud dataset. The DSM is generated from all points in all classes.
Bentley/TerraScan was used to output an “all” point dataset. There is potential for multiple
points to be located within the same grid cell when gridding the data, therefore Golden Scripter
was configured using a localized maximum interpolation method with “all” data to create the

DSM. The CHM was generated by subtracting the DEM from the DSM.

CHM = DSM — DEM (5.2)

114



The DEM, SDM, and CHM models were aggregated to 100 m grid cell size for fast
model execution, to minimise the influence of 1m grid cell level noise or errors and in
preparation for future implementations at regional scales, which is the ultimate goal of this
operational research.

A watershed SAU raster was created using four dominant snow depth drivers, those being
canopy height, elevation, topographic position index (TPI) (Weiss, 2001), and aspect (Cartwright
et al., 2020) to stratify the watershed into feature class signatures. For the purpose of identifying
unique snow depth driver signatures, feature classes were binned into a minimal number of
categories to reduce the complexity and number of unique SAUs required for pathfinding. Three
of the four characteristics (Figure 5.1), elevation, TPI, and aspect, were computed from the 100
m aggregated DEM. The elevation driver was binned into 200 m intervals up to the upper edge
of the treeline ecotone. The highest elevation class greater than 2,200 m represents exclusively
alpine terrain (Downing & Pettapiece, 2006). TPI was classified into “Depression” for grid cell
values < -0.1 and “Upland” > 0.1. The TPI algorithm outputs values near zero for landforms with
a flat or constant slope plane. The category “Flat” represents values between -0.1 and 0.1. Aspect
was classified into cardinal directions of “North”, “East”, “South”, and “West”. The fourth
driver, canopy height (Figure 5.1), was extracted from the aggregated 100 m mean CHM. The
Short or “Open” class represented mean canopy height < 0.5 m, the “Intermediate” class 0.5 <4
m, and the “Tall” class > 4 m. These four data types were combined to develop a spatially
distributed SAU model for the snow depth drivers across the watershed. Some signature
combinations do not exist in the Westcastle watershed. For example, there are no SAUs
representing “tall-canopy” at alpine elevations, as the alpine zone is, by definition, above

treeline.
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Figure 5.1. Westcastle Snow Depth drivers — left: Canopy; left-centre: Elevation; right-centre: TPI (topographic
position index); right: Aspect.

Two corridor-based path finding strategies were used to create ALS sampling flight lines
that covered as large a range as possible of snowpack driver conditions experienced in the
watershed (shown in Figure 5.2). As the watershed has a dominant north to south linear
orientation, one of the flight lines was set up to approximately follow this latitudinal gradient
while attempting to sample the natural variability in SAUs along this length in an efficient
manner. This flight path was created using an ESRI (2020b) ArcPro “Least Cost Path” (LCP)
“static goal-oriented” analysis. The LCP algorithm finds a continuous path from a start point to
end point with the least accumulated cost. The “cost” surface for the LCP flight line was
generated from the SAU raster. The “cost” assigned to each grid cell was derived from the
percentage of the grid cell’s SAU category that was represented in the entire watershed. SAUs of
small contiguous areas were favoured to maximize the number of SAUs. The LCP path start

point was located at the outlet of the watershed adjacent to the University of Lethbridge
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Westcastle field station (WFS) where several hydro-meteorological variables are monitored,
including snow depth (Barnes et al., 2020). Several LCP endpoints were identified and tested
furthest from the start point to ensure the full watershed would be traversed to define a sampling
line that passed through as many SAUs as possible. The LCP algorithm created an irregular path
through the watershed, which could not be flown as presented due to the number and steepness
of sharp turns. The path was smoothened by constraining heading changes to less than 30°, to
ensure the turns could be implemented in a survey aircraft, producing an operationally viable
flight path where the entire LCP derived path was covered within the extent of the sensor swath.

Another sampling flight configuration that emphasized east to west variations was
generated using an ‘expert’ selection criterion to sample the length, width, and elevation range of
the watershed. The watershed was divided into three zones (north, centre, and south). Corridors
at 500 m spacing intervals were created perpendicular to the watershed centreline. One corridor
was selected from each of the north, centre, and south zones such that the total number of
combined SAUs was maximized.

Snow depth was extracted from the 24-Feb-2014 ALS SDM for the LCP, T3, and
“combined T3 + LCP” flight line swaths and used to train a “Forest Based Regression” (FBR)
model (ESRI’s ArcPro “Random Forest” tool, (ESRI, 2020c¢)) for the entire watershed. The SAU
raster was not used as an input to the FBR models since the snow depth drivers were divided into
categorical classes to get a good cross section representation of land covers and terrain types for
sampling purposes only. For the FBR training and prediction models, only continuous variables
were used to mitigate potential bias in subsequent variable importance results (Strobl et al.,
2007), and all variables were weighted equally. ESRI’s FBR tool allows for multiple raster and

vector data for explanatory training variable inputs. Latitude, longitude and slope were added
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along with the CHM, DEM, TPI, and aspect rasters; as these geographic variables are proxies for
synoptic weather patterns and in situ environmental controls. FBR training and validation
strategies focus on leaving out a portion of the sampled dataset during model training (Gasch et
al., 2015). These data are then used in the validation phase (Juel et al., 2015; Li, 2016). All three
FBR model configuration settings were 500 trees, 100 independent runs with 20% of the total
dataset randomly excluded (set aside) from the training run and subsequently used for the model
validation run. After several iterations of model training for each of the models, performance
improved when the configuration setting for the number of trees increased from 100 to 500 but
no improvement occurred beyond values > 500. Validation results for model training are based
on the median R-Squared, p-value, and standard error of all 100 runs. These trained models were
then used to predict watershed-wide “wall-to-wall” snow depth. Each of the flight line-sampled
then predicted “wall-to-wall” snow depth models were then compared with the observed (i.e.

fully surveyed) watershed-wide SDM.

5.4 Results and Discussion

The final SAU raster (Figure 5.2) contained 163 of a possible 180 spatially distributed
SDM signatures for the Westcastle watershed. The LCP flight line traversed north-south through
the watershed. The “LCP Result” (brown) is the path computed by the ESRI LCP toolset. The
black line shows the “LCP Flight Line”. The “LCP Flight Swath” sampled 138 unique SAUSs.
The “Transect Lines” (blue) used three transects (T3) in an east-west orientation from a north,
centre, and south watershed zone. The “Transect Flight Swath” contained the same number of

grid cells as the LCP flight swath and sampled 143 SAUs (5 more than the LCP configuration).
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Figure 5.2. SAU map for the Westcastle watershed illustrating the ALS sample flight paths and swaths for the LCP
and T3 configurations. SAU values are derived by snow depth driver categories added together where Canopy is the
x0,000 variable; Elevation is xx00; TPI is x0, and Aspect is the x (one’s variable).

Table 5.1 presents the breakdown of SAUs for the “wall-to-wall” watershed, LCP and T3
flight lines. The SAU section lists each of the snow depth driver category breakpoints. The
“Watershed” section shows the number of grid cells and percentage each class occupies in the
“wall-to-wall” extent. The columns under “Watershed” for LCP and T3 show the number of
sampled grid cells and percentage within the watershed. The “Flight Line” column contains the
sampling percentage of the category within the flight line. Of note, there is an elevation sampling
bias for the T3 flight line. The largest number of watershed grid cells (2509) was in the “1800 —
2000 m” category (24.4% of the watershed). T3 had the highest sampling in the lowest (1400 -
1600) elevation category at 708 grid cells (30.8%) which was 39.0% of flight line samples. For
the LCP flight line, there is a sampling bias in aspect. The “East” directional “Aspect” followed

by “West” contains the highest number of grid cells within the watershed at 3618 (35.2%) and
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2792 (27.1%), respectively. LCP sampled the largest number of grid cells in the “West” aspect at
757 (27.1% of the watershed) which was 41.7% of flight line samples. Sampling for “East” was
next highest at 384 grid cells (LCP flight line of 21.1%) but represented the lowest percentage in

the watershed at 10.6%.

Table 5.1. SAU (Snow Accumulation Unit) snow depth drivers; GC — the number of grid cells in the category; % -
percentage of the category within the watershed; FL% - percentage of the category sampled within the flight line.

Watershed LCP Flight Line T3 Flight Line
Snow Wall-to-Wall Sampled Sampled
Accumulation Flight Flight
Unit (SAU) Watershed Line Watershed Line
Driver GC % GC % FL%  GC % FL%

Canopy
Open 3956 38.4% 609 154% 33.5% 483 12.2% 26.6%
Intermediate 4028 39.1% 645 16.0% 35.5% 763 189% 42.0%
Tall 2308 224% 563  244% 31.0% 571 24.7% 31.4%
Elevation
1400 - 1600 2300 22.3% 438 19.0% 24.1% 708  30.8% 39.0%
1600 - 1800 2388 23.2% 468 19.6% 25.8% 440 18.4% 24.2%
1800 - 2000 2509 244% 534  21.3% 29.4% 280 11.2% 15.4%
2000 - 2200 2061 20.0% 269 13.1% 14.8% 273 13.2% 15.0%
2200 -2600 1034 10.0% 108 104% 5.9% 116 11.2% 6.4%

TPI
Depression 4105 39.9% 688 16.8% 37.9% 748 182% 41.2%
Flat 3491 33.9% 732 21.0% 403% 681 19.5% 37.5%
Upland 2696 26.2% 397 14.7% 21.8% 388 14.4% 21.4%
Aspect

North 2305 224% 347  151% 19.1% 438 19.0% 24.1%

East 3618 352% 384 10.6% 21.1% 618 17.1% 34.0%

South 1577 153% 329 209% 18.1% 240 152% 132%

West 2792 271% 757  271% 41.7% 521 18.7% 28.7%

Watershed Totals 10,292  100% 1817 17.7% 100% 1817 17.7% 100%

The FBR-Training run “Prediction Interval” charts in Figure 5.3 show the training and
validation prediction, P05 and P95 confidence intervals for T3, LCP and “Combined T3 + LCP”.
The confidence intervals for the LCP flight line are slightly larger than those of the T3 flight line.
The upper end snow depth prediction for LCP is lower than both the T3 and combined T3 + LCP
models. The “Variable Importance” (the most important “Explanatory Training” variables) for
the LCP flight line (Figure 5.3, “Importance”) was latitude (31%) followed by longitude (18%),
elevation (14%), canopy (12%), and aspect (11%). Both the TPI and slope were the least
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important in this model. In comparison, the T3 flight line (Figure 5.3, “Importance”) shows the
most important was elevation (24%) followed by canopy (18%), TPI (16%), latitude (15%) and
aspect (11%). Longitude and slope were the least important in this trained model. In the
combined T3 + LCP training model (Figure 5.3, “Importance”), the most important variable was
latitude (22%) then elevation (20%) followed by canopy (15%), aspect (14%), TPI (12%) and
longitude (11%). Slope was the least important variable. The “Training” R-Squared values for all
models are high at 0.97. Similarly, the p-value and Standard Error values are close to zero. FBR
models can over-fit the training data to the model (Altman & Krzywinski, 2017; Tang et al.,
2018). A more accurate measure of model fit uses the “Validation” R-Squared, p-value and
Standard Error statistics, which are calculated using the data set aside during training as shown in
Figure 5.3, “Validation” section. The validation R-Squared value for the T3 flight line (R? =
0.84) is only marginally better than both the LCP flight line (R?> = 0.83) and combined T3 + LCP
(R?=0.83). These FBR validation results from the T3 + LCP run are not significantly different

to T3 and LCP, despite containing more sample data.
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Figure 5.3. Forest Based Regression Snow Depth Prediction: Top: T3 (n = 1,817). Center: LCP (n = 1,817). Bottom:
Combined T3 + LCP (n=3,634), where n is the number of grid cell samples.

The FBR-Prediction runs for the “wall-to-wall” watershed produced validation “Out of
Bag Errors” (explained variance) for all three models of 83%. The Root Mean Squared Error
(RMSE) for the T3 flight line was RMSE = 0.29, the LCP flight line had a RMSE = 0.26, and the
combined T3 + LCP was RMSE = 0.28. However, a more comprehensive independent
evaluation of the FBR-Prediction model results is shown in Figure 5.4 where watershed-wide
FBR predicted snow depth was compared to the full watershed-wide ALS SDM. Areas in blue
indicate an overestimation of snow depth and red an underestimation. All FBR models show

snow depth underestimations near ridges and steeper slopes. The T3 flight line model (Figure




5.4a) predicts snow depth better in the lower elevations with some underestimation at alpine
elevations. The elevation sampling bias (Table 5.1) associated with the T3 flight line suggests
more attention is needed to set up flight lines to uniformly sample the elevation distribution
given the high rank importance of this driver variable. The LCP model (Figure 5.4b) shows
overestimation on the eastern side of the watershed and underestimation in the northern west
side, suggesting that the dominant north-south trend of the line was insufficient to capture meso-
scale east-west variations in snow depth. The aspect with the largest representation in the
watershed (Table 5.1) is East (35% of the grid cells). The LCP flight line has a sampling bias in
aspect with 42% of the flight line samples having a West aspect (27% of the watershed grid
cells). Only 11% of the watershed sampling for the LCP flight line is in the East aspect category.

The combined T3 + LCP also underestimates depth in alpine areas.
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Figure 5.4. Watershed "Wall-to-Wall" Difference for FBR Predicted snow depth minus Actual snow depth for the
24-Feb-2014 ALS SDM. Positive values (blue) are an over estimation of snow depth. Negative values (red) are an
under estimation of snow depth. (a) T3, (b) LCP, and (c) Combined T3 + LCP

A scatter plot of the watershed "wall-to-wall" ALS SDM observed versus FBR predicted
snow depth (Figure 5.5) shows the combined T3 + LCP has the highest agreement with R =
0.72, and T3 with R? = 0.66. The LCP flight line does not perform as well with R? = 0.34, most
likely due to insufficient representation of the east-west trends (i.e. longitudinal variation) in
snow depth across the mountain range. The calculated (Predicted — Observed) means for the

combined T3 + LCP model of -0.04 m (RMSE = 0.38 m) is small but suggests beyond grid-cell
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level environmental controls, such as gravity- or wind-induced snowpack redistribution may
need to be further considered as part of the prediction routine to mitigate such bias. The ESRI
FBR toolset interpolates predicted values within the sample range of the explanatory training
data variables. Prediction for data point values outside the range of the training data are not
extrapolated by the algorithm. The T3 and LCP sampled flight lines do not contain the entire

range of FBR explanatory variable data.

Transects Flight Path Snow Depth Least Cost Path Snow Depth
Observed vs Predicted Observed vs Predicted

el )

w

Snow Depth (m): Observed
>

Snow Depth (m): Observed
S

R?=0.34
RMSE = 0.61

o R?=0.66
M RMSE = 0.43

Mean (P - 0) = -0.07 Mean (P-0)=-0.14

1 StDev (P-0)=0.42 1 Std Dev (P - 0) = 0.59
Std Error = 0.0041 Std Error = 0.0058
n=10,285 n=10,285

0 0

0 1 2 3 4 5 6 7 8 0 1 2 3 4 5 6 7 8
Snow Depth (m): Predicted Snow Depth (m): Predicted
(a) (b)

Combined Transects and Least Cost Path Snow Depth
Observed vs Predicted

o

Snow Depth (m): Observed
w IS

R?2=0.72
RMSE =0.38

Mean (P - 0) =-0.04
StDev (P-0)=0.38
Std Error = 0.0038
n=10,285

0 1 2 3 4 5 6 7 8
Snow Depth (m): Predicted

(©
Figure 5.5. ALS SDM observed snow depth versus FBR predicted snow depth. (a) T3, (b) LCP, (¢) Combined T3 +
LCP
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5.5 Conclusion

A Snow Accumulation Unit (SAU) model was created for the Westcastle watershed using
canopy, elevation, TPI and aspect. The watershed was categorized into 163 SAUs, and two ALS
flight sampling configurations were created from the SAU layer, each sampling ~18% of the
watershed area. An ArcPro “Least Cost Path” (LCP) analysis was used as a seed to generate a
simplified flight path containing 138 SAUs. An east-west flight configuration was created using
an ‘expert’ selection of three transects (T3) perpendicular to the watershed centre line
representing 143 SAUs. The Forest Based Regression (FBR) prediction models explained ~83%
of the variance with latitude being the most important variable for the LCP model, while
elevation was most important for the T3 model. Comparing predicted and observed snow depth
for the LCP, T3 and combined LCP + T3 FBR models, there was underestimation in the upper
alpine regions and overestimation in lower elevations. Watershed “wall-to-wall” ALS observed
versus FRB predicted snow depth produced the highest R? of 0.72 (RMSE = 0.38 m) for the
combined T3 + LCP model, R? of 0.66 (RMSE = 0.43 m) for T3, and the lowest R? of 0.34
(RMSE = 0.67 m) for the LCP flight line. The predicted minus observed snow depth means
range from -0.04 m for T3 + LCP to -0.14 m for LCP only. While the explanation of variance
within sampled flight lines was > 80%, when comparing the FBR sample-predicted SDM to the
observed watershed SDM, the explanation of variance dropped by 10 to 15%. By adopting a
flight line sampling approach relative to “wall-to-wall”, the overall average depth prediction is
still within ~0.1 m (or <7%) of observed. From an operational time and cost savings perspective,
the reduction in explained variance and potential for a small amount of bias is acceptable. These
results indicate that flight line sampling and machine learning prediction can be effective at

reconstructing snow depth at the watershed-scale but the orientation and SAU sampling
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configuration are key aspects of sampling that must be optimised to represent the dominant snow
depth driver attributes across the watershed. Utilizing an optimal sampling of representative
SAUs versus “wall-to-wall” mapping approach reduces flight time over the watershed by ~ 80%,
which: a) greatly reduces the logistical costs for a watershed-scale snow depth data collection;
and/or b) allows for snow depth sampling and modelling over an area of > 500 km? for the time

it would normally take to survey ~100 km?.
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6 Mapping Watershed Snow Water Equivalent from Lidar Snow Depth and Field-
Sampled Density Models

Abstract

This study presented a snowpack monitoring framework for estimating mesoscale water
yield for the West Castle watershed (WCW) located in the Alberta Rocky Mountain Eastern
Slopes. Snow water equivalent (SWE) was derived from watershed snow depth and density
models. Airborne lidar “bare-earth” (2014 and 2020 summer flights) were used to create digital
elevation and canopy fractional coverage models (CFC). “Snow-covered” sampling (Feb 2014,
Apr 2018, Mar 2020, Jan 2021. Mar 2021, Apr 2021 winter flights) were used to create snow
depth models (SDM). Snow density models were stratified by elevation and the CFC modifier
was used to reduced density by a maximum of 10%. Governmental AEP snow water field
sampling data were used to test two snow density modelling strategies (scenario A: closest
temporal sampling date, B: 30-year monthly mean sampling). A valley and a mid-mountain AEP
site were used to constrain lower and upper spatially distributed density model limits for WCW.
The CFC modifier reduce WCW water yield by 8% to 11%. Only the Feb 2014 lidar flight
occurred on the same day as AEP snow sampling, however the 44.42 x 10° m? computed water
yield for scenario A was 7% lower than for scenario B (47.45 x 10° m®). For all other lidar snow
sampling flights, there was an AEP field sampling gap of 3 days to a maximum of 9 days. WCW
computed water yield differed for each of the snow density modelling scenarios. The largest
deviation was for the Mar 2021 lidar flight where computed water yield was 14% higher for
scenario A (43.60 x 10° m?®) than B (37.37 x 10° m®). However, with limited field sample data,
results of this study show promise as a new remote sensing snowpack water resources

monitoring and mapping framework for Alberta’s Eastern Slopes.
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6.1 Introduction

Rocky Mountain snowpacks draining the Eastern Slopes of Alberta are the primary water
resource for downstream Prairie regions (Oldman Watershed Council, 2014). Alberta’s water
supply is highly regulated (Alberta Environment, 2003) to ensure there is sufficient water to
support a growing population and economy while maintaining healthy ecosystems. Headwater
snow water equivalent (SWE) estimates are derived from snow depth and density measurements
(Campbell, 2018; Pedlar, 2018; Pickering, 2018) and are observed as part of Alberta’s long term
water resource monitoring program. To estimate snow density and SWE, various techniques
exist at in-situ (Kang & Barros, 2011; Naderpour et al., 2017; Proksch et al., 2015; Vivian et al.,
2007) and larger regional sampling scales (Cornwell et al., 2016; Mizukami & Perica, 2008;
Painter et al., 2016). However, there is a need to quantify the amount of water present in the
Alberta Rocky Mountain Eastern Slopes snowpack in a cost-effective manner using existing
government monitoring infrastructure and innovative watershed snow sampling.

The seasonal snowpack is in constant evolution (Griinewald et al., 2010) beginning with
the first snowfall to complete melt out (Mott et al., 2018). Both snow depth and density vary over
time during the snow accumulation and ablation period from Fall to Spring. At the beginning of
the snow season, snowpack depth and density increase. Snow density is lowest for freshly fallen
snow (Judson & Doesken, 2000). As the snowpack ages, crystals change shape and increase in
grain size (Deems et al., 2013; Warren, 1982) resulting in a corresponding increase in density
from metamorphosis, compaction, and freeze/melt cycles (Kinar & Pomeroy, 2015). Snow
density has a linear relationship with time (Sturm & Holmgren, 1998; Winkler et al., 2021).
Once the snowpack reaches the ablation stage, continued metamorphoses and melt causes depth

to decrease and density to continue increasing (Bartlett et al., 2006; Hedstrom & Pomeroy, 1998;
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Hill et al., 2019; Riboust et al., 2019; Verseghy, 2009). There is a hysteresis effect over time
(Hill et al., 2019; Riboust et al., 2019) between snow depth and density primarily due to
compaction, grain crystal metamorphose, and changes in liquid water content in the snowpack
between the accumulation and ablation melt out phases.

In mountainous regions, there is high spatial variability in snowpack structure (Sturm et
al., 1995), deposition (Kinar & Pomeroy, 2015), accumulation, ablation (Avanzi et al., 2021;
Broberg, 2021), and timing of melt (DeBeer & Pomeroy, 2009; DeWalle et al., 2002; Newton et
al., 2021). Snow is persistent in higher elevations with the exception of wind scoured locations
(Loftler, 2005). Ablation occurs faster on south facing aspects (Anderson et al., 2014; Dornes et
al., 2008) which in turn impacts snow depth and density (Griinewald et al., 2010) based on
increased solar radiation. Spatial variability of snow density (Onuchin & Burenina, 1996) is
influenced by landform (Anderson et al., 2014), terrain/ elevation (Mizukami & Perica, 2008;
Seidel et al., 2016), wind loading (Mott et al., 2018; Sturm & Holmgren, 1998), gravity induced
redistribution (Essery et al., 1999; Pomeroy et al., 1998), meteorological conditions, and
snowpack age (Judson & Doesken, 2000; Lopez-Moreno et al., 2013). Within a forest stand,
density varies based on canopy cover (Bonner et al., 2022; Parajuli et al., 2020; Sun et al., 2022;
Veatch et al., 2009) as forest canopies are more sheltered than open areas and reduced solar
radiation penetrates the canopy (Garvelmann et al., 2014; Kostadinov et al., 2019).

The objective of this paper is continued development of an operational snow water
equivalent modelling framework with a focus on snow density modelling using drivers that are
deterministically distributed across a mountainous watershed. To estimate snow depth,
established airborne lidar methodologies have been developed that allow for the creation of snow

depth models (SDM) at a watershed scale (Barnes & Hopkinson, 2022; Deems et al., 2013;
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Hopkinson et al., 2012). Snow density variability is small (Mizukami & Perica, 2008) in
comparison to snow depth. However, there is a need to model variability in density across
mountain watersheds to gain a better understanding of spatial snowpack controls and their
variation through time. Sparce meteorological monitoring sites are insufficient to adequately
estimate regional spatially distributed precipitation estimates (Bergeron, 1960; Daly et al., 2002;
Thiessen, 1911) and therefore regional SWE estimates. There is a need to utilize practical
methods that can scale up single point measurements to mesoscale estimates. In this study, AEP
monthly snow depth and SWE field measurements were used to constrain watershed wide snow
density lower and upper limits. However, it was not always the case these field measurements
were taken on the same day as lidar snow sampling missions. Given the linearity in snow density
over time, is it reasonable to: a) model watershed snow density based on the closest temporal
AEP field sampling point (here after referred to as model A); or b) conversely, should snow
density models use 30-year monthly mean AEP field samples (here after referred to as model B)?
lidar derived snow depth was combined with each of these two snow density modelling
approaches to generate spatially distributed maps of SWE which were subsequently used to

calculate watershed water yield.

6.2 Methods

6.2.1 Study Area

The study area is located in southwestern Alberta as seen in Figure 6.1; adjacent and
north of the Canada-United States border on the eastern side of the continental divide. The West

Castle Watershed (WCW) shown by the polygon in Figure 6.1, is in the headwaters of the
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Oldman River Basin (McCaffrey & Hopkinson, 2020). WCW is approximately 103 km? with an
elevation range of 1240 m. A mature forest re-established itself after a 1936 wildfire burnt a
significant portion of the West Castle region (Government of Alberta, 2015). Cattle range land
(Government of Alberta, 2015), random camping, and Off Highway Vehicle (OHV) usage
situated in valley elevations had negative impacts on native vegetation (Timoney, 1998). The
Castle Mountain Resort is located in the northern part of WCW.

There are a limited number of Canadian mountain (Nitu, 2010) meteorological and snow
monitoring sites in close proximity to WCW. Long term Government of Alberta, Environment
and Protected Areas (AEP) snowpack monitoring stations, specifically South Racehorse Creek
(SRHC), Gardiner Creek (Gardiner), and Akamina Pass (Akamina) are located at mid-mountain
elevations near treeline (1809 masl (metres above sea level) to 1940 masl) in the Southern
Alberta Eastern Slopes. The West Castle II (WCII) snow course is at a valley elevation (1533

masl) within WCW.
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Figure 6.1: Southern Alberta Eastern Slopes located in Alberta, Canada. GoA snow monitoring and snow course
sampling sites: (a) Akamina Pass (mid-mountain elevation: 1809 masl), (b) West Castle II (valley elevation: 1533
masl), (¢) Gardiner Creek (mid-mountain elevation: 1940 masl), and (d) South Racehorse Creek (mid-mountain
elevation: 1920 masl). West Castle Watershed is highlighted with the polygon. Inset: Star showing the study
location within Alberta, Canada.

WCW is a long narrow watershed with approximately a 19 km north-south extent and ~8
km east-west extent. The watershed outlet is located at the stream (1390 masl) close to the
University of Lethbridge West Castle Field Station (WFS) as seen in Figure 6.2a and the highest
elevation is 2630 masl. Figure 6.2b shows WCW divided into three equal area elevation
boundaries containing open and forest canopy. The lower elevation ranges from 1,390 masl to
1,695 masl. This zone consists mostly of grassland, shrubs, and mixed deciduous/coniferous
forests (Timoney, 1998). Soils are present in the grassland and forested areas. Sedimentary rocks
underlay most of the region although there is bedrock exposure. The mid-elevation range
between 1695 masl to 1970 masl contains shallow soil profiles as well as exposed bedrock

(Downing & Pettapiece, 2006; Timoney, 1998). Conifers, shrub, and herb vegetation are found
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in this zone. The upper elevation from 1970 masl to 2630 masl generally has its lower boundary
at treeline (Downing & Pettapiece, 2006). This region is mostly bedrock, sparse vegetation of
lichens, and herbs (Downing & Pettapiece, 2006; Timoney, 1998). Fire suppression practices
were introduced after the 1936 wildfire (Government of Alberta, 2015) and changed the fire
cycle. As a result, Douglas fir, alder, and willow have encroached into lodge pole pine stands and

huckleberry dominated locations (Kershaw, 2008).
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Figure 6.2: WCW. a: Elevation range of 1390 masl to 2630 masl. b: Forest Canopy: open (0%), wooded/shrub (0%
to 10%), and forest (10% to 40%) as defined by Zhu and Waller (2003), WCW “Equal Area” elevation ranges:
lower elevation range is 1390 masl to 1695 masl, mid elevation range is 1695 masl to 1970 masl, and upper WCW
range is from 1970 to 2630 masl.

6.2.2 Data

6.2.2.1 Lidar
Model inputs use spatially distributed landform and canopy variables derived from

airborne lidar bare-earth and SDMs. Airborne lidar missions were flown over WCW by Airborne

137



Imaging (Calgary, Alberta) from 2014 to 2021 as shown in Table 6.1. Beginning in 2020, ALTM
Titan MW surveys operated with a “terrain following” technique which altered the flying height
from a fixed to a variable altitude based on the area of interest DEM. The addition of the 532 nm
wavelength aided in detecting snow which is highly reflective in this wavelength whereas soils
features are more dominant in the 1550 nm wavelength. “Bare-earth” (BE) surveys were
completed during summertime months and snow-covered surveys during mid to late winter
months. The Riegl Q1560 lidar sensor had the highest sampled point density of 12.4 points/m?
for the 2021-Jan-22 flight. The lowest point density was captured by the ALTM 3100EA sensor

for the 2014-Feb-24 mission at 1.55 points/m?.

Table 6.1: WCW airborne lidar sampling missions. PRF (pulse repetition frequency). Field of View (FOV).

Lidar Point Flying Ground Scan Laser
Mission Density Height Speed PRF FOV Freq Wavelength
Date (m?) Sensor (ft MSL) (kts) (kHz)  (deg) (Hz) (nm)
Bare Earth
20-Sep2014 3.97 Leica ALS 70 11,000 140 130 42 27 1064
2020-Jul-28 4.63 ALTM Titan MW 8825-10,646  130-175 75 50 32 532, 1064, 1550
Snow
2014-Feb-24  1.55 ALTM 3100EA 11,000 130 50 40 28.5 1064
2018-Apr-20  9.05 Riegl Q1560 11,000 — 11,800 140 1333 42 113 1064
2020-Mar-5 4.29 ALTM Titan MW 8825 — 10,646 117 -202 75 50 32 532, 1064, 1550
2021-Jan-22 12.4 Riegl Q1560 11,300 - 11,800 140 355.6 60 178 1064
2021-Mar-4 4.67 ALTM Titan MW  8825-10,646  138-163 75 50 32 532, 1064, 1550
2021-Apr-6 4.75 ALTM Titan MW 8825 -10,646 140 - 163 75 50 32 532, 1064, 1550

The datasets were processed in the horizontal NAD83(CSRS)/UTM zone 11N and
vertical CGVD28 reference frames. Datasets acquired in the WGS84 reference frame were
transformed using Blue Marble Global Mapper and Geographic Calculator (Blue Marble
Geographics, 2022) using the Canadian HT-2v coordinate transformation model before data
cleaning and quality control. The airborne lidar data cleaning and gridding process is described
in Barnes and Hopkinson (2022). All lidar datasets were gridded to a 1 m spatial resolution. As
part of the new snowpack monitoring framework, future studies will incorporate land cover

datasets to characterize terrain features at the provincial scale. Therefore, the lidar data was
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further aggregated to a 30 m grid cell size to be comparable with other publicly available DEM
and satellite land cover data products such as ASTER DEM or Landsat. All lidar datasets were
normalized to the same spatial extent.

Previous work by Barnes and Hopkinson (2022) evaluated a new a machine learning
approach to predict watershed wide snow depth from two different reduced airborne lidar

sampling flight paths. These datasets as described in section 6.2.3.1 were included in this study.

6.2.2.2 In situ Snow depth and SWE Field data

Long term continuous AEP observational snow depth and SWE field data were collected
at Akamina, Gardiner, WCII, and SRHC from November 1991 to May 2021. Each reported
sampling measurement at the given location represents the mean value collected from several
individual measurements. No index of quality or variance is included in this data. For this study,
snow density was expressed as a percentage of water equivalent (standard water density is 1000
kg/m?) therefore, as an example, a density of 30% would be 300 kg/m?. This convention was
used in order to derive SWE estimates by multiplying snow depth by snow density. General
statistics and regression analysis were done to examine seasonal patterns and to establish WCW
lower and upper snow density limits. Gardiner and WCII sites were used for snowpack density
model stratification and SWE calibration. AEP field measurements are generally sampled within
five days on either side of the end of each month (Pickering, 2018). Therefore, AEP data may not
temporally align with lidar snow sampling flights.

AEP Gardiner snow pillow data were used to create snow depletion curves for each
hydrologic year coinciding with all lidar snow sampling missions. There was a data gap in the

Gardiner 2017 — 2018 hydrologic year. To impute this missing data, the Gardiner time series was
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regressed against the South Racehorse Creek snow pillow data which was the closest site (in
distance and elevation) for the months of Feb to Apr from 1992 to 2021.

University of Lethbridge Artemis Lab (ULAL) snow depth and SWE field data were
collected at varying accessible locations in WCW from 2018-2021. In 2018, a more intensive
field sampling campaign took place to support snow depth validation for a new Leddar snow
depth sensor (Barnes et al., 2020) where some sampling occurred twice during the same day
(early morning and early evening). Ski lifts at Castle Mountain Ski Resort, located in WCW,
allowed access to higher elevations. Figure 6.3 shows typical snowpack conditions on the CMR
ridge. Snow sampling was completed within forest canopy at elevations ranging from 1400 masl
to 1760 masl as well as in open areas with an elevation range of 1400 masl to 2140 masl.
Attempts were made to sample “same day field measurements™ at varying locations in the
watershed as well as at the University of Lethbridge Westcastle Field Station (WFS). ULAL
field sampling was completed either on the day of or day after the lidar snow sampling. All
ULAL field sampling that was coincident with airborne lidar flights were used for snow density

model validation.
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Figure 6.3: ULAL Field Sampling location on the CMR-Ridge showing scoured to deep snowpacks within a 100 m
distance. Photo courtesy of Jason Crawford — Director of Mountain Operations, Castle Mountain Resort

6.2.3 West Castle Watershed Snow Water Equivalent Model (SWE) and Water Yield

The workflow diagram to create watershed SWE and water yield is seen in Figure 6.4 and
described in this section. Airborne lidar derived digital elevation and surface models (DEM and
DSM respectively) were created for bare-earth (BE) and snow depth extraction. A forest canopy
fractional coverage surface was derived from the BE DEM for snow density modelling. WCW
SWE models were created by multiplying snow depth with snow density models. Statistics were

calculated to derive water yield for WCW.
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Snow water depletion curves were created from the Gardiner weather station snow water
(SW) sensor to understand the continuous annual snow water equivalent for each year when lidar
snow sampling was completed. Gardiner only represents the snowpack at the higher elevations
near treeline. The valley bottom and lower elevations are not represented by SW depletion
curves since the WCII site does not have a SW sensor. In 2018, Gardiner’s snow water sensor
malfunctioned and stopped recording in mid Feb, well before the April lidar flight. To fill the
data gap for Gardiner, a regression analysis was done using the SHRC snow water sensor
beginning on the date the Gardiner sensor stopped functioning to the end of Apr 2018. The
regression for May was not included since it was not strong due to the reduced covariance

between the sites caused by different rates of melt.
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6.2.3.1 Snow Depth Model

Watershed “wall-to-wall” SDMs were created by differencing the digital snow surface
model (DSSM) datasets from the BE (bare-earth) DEM as described in Barnes and Hopkinson
(2022). ESRI’s (ESRI, 2020) forest based regression (FBR) was used to predict watershed “wall-
to-wall” snow depth for the 2014-Feb-24 lidar dataset for two different flight path configurations
that sampled ~18% of watershed. The FBR command was configured with terrain feature
variables that characterized elevation, terrain curvature (TPI), aspect, slope, canopy height,
latitude, and longitude. FBR is computationally prohibitive to run at a 1 m grid cell size therefore
predicted surfaces were computed for a 30 m grid cell size. Two separate analyses were
completed, the first included the Feb 2014 wall-to-wall dataset in the temporal comparisons
where the dataset was normalized to the same spatial extent as the balance of the lidar datasets.
The second was an independent analysis using the two lidar sampling strategies for the Feb 2014
observed wall-to-wall and FBR predicted snow depths as described in (Barnes & Hopkinson,

2022).

6.2.3.2 Snow Density Model

Two deterministic drivers were used that described the spatiotemporal density variations
for the West Castle watershed. Elevation was one of the drivers of snow density (Mizukami &
Perica, 2008). The other driver was forest canopy fractional coverage (CFC). The 2020-Jul-28
BE lidar derived DEM and DSM were used to create the elevation-based and CFC snow density
models for each lidar DSSM dataset (see Figure 6.4) as described in sections 6.2.3.2.1 and

6.2.3.2.2 respectively.
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Code Block 6-1: Snow Density calculation for each grid cell. The snow density model in this study used:
Upper_Elev (1940 (masl) for Gardiner), Lower_Elev (1533 for WCII), WS_Elev_Lowest (1390 for WCW),
WS Elev Const (2000 masl elevation for maximum density), Upper Density (Gardiner), Lower Density (WCII)

Upper_Elev = Upper_Site_ElevationLower_Elev = Lower_Site_Elevation
WS_Elev_Lowest = WS_Lowest_Elevation
WS_Elev_Const = WS_Elevation_For_Maximum_Density

Upper_Density = Upper_Site_Density
Lower_Density = Lower_Site_Density

DensityPer100m
= (Upper_Density - Lower_Density) / (Upper_Elev - Lower_Elev) /100)

Density_WS_Elev_Lowest
= Lower_Density — (((Lower_Elev - WS_Elev_Lowest) / 100) * DensityPer100m

Density_WS_Elev_Above_Constant
= Upper_Density + (((WS_Elev_Const - Upper_Elev) / 100) * DensityPer100m

If BareEarth_DEM < WS_Elev_Const
Then Density_Elevation
= (BareEarth_DEM - WS_Elev_Lowest)/100) * DensityPer100m) + Density_WS_Elev_Lowest)
Else Density_Elevation = Density_WS_Elev_Above_Constant

Density_Value = Density_Elevation — (CanopyFractionalCoverage * 0.10)

6.2.3.2.1 Elevation

The snow density model (see Code Block 6-1) used the long-term AEP Gardiner and
WCII manual snow depth and SWE field sampling sites located within and in close proximity to
WCW. An elevation density gradient range was computed from valley bottom to treeline (2000
masl). Although density increases with elevation (Mizukami & Perica, 2008), there are no AEP
sampling locations in the upper mountain alpine areas. Therefore, elevations above 2000 masl
were assigned the maximum calculated density value. Once each DSSM density modelling
scenario elevation range was calculated, values were applied spatially to each grid cell of the
DEM.

For the model (A) elevation gridding scenario, WCW density limits based on the closest

AEP field sampling point in time, Gardiner and WCII field density observations collected near
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the time of each lidar snow sampling mission were used to calculate the range of density in the
watershed. For the 2020-Mar-5 lidar snow sampling, AEP did not complete field sampling for
Gardiner. In this case, the mean value from Gardiner’s “end of February” samples that
corresponded to WCII’s observed value was used as the upper limit. A manual examination of
modelled snow density model grid cells where ULAL samples coincided with each lidar mission
was completed to validate the model.

The model (B) elevation gridding scenario, 30-year monthly mean AEP field samples, the
mean value was calculated for Gardiner and WCII field density observations that were collected
at the end of each month as seen in Table 6.2. Lidar snow sampling flights are listed for each

corresponding “End of month sampling” period.

Table 6.2: AEP sampling month corresponding to lidar flights used in the elevation density model B: “30-year
monthly means”.

AEP End of month sampling Jan Feb Mar Apr
Lidar DSSM snow sampling flight 2021-Jan-22 2014-Feb-24 2021-Apr-6 2018-Apr-20
2020-Mar-5
2021-Mar-4

6.2.3.2.2 Forest Canopy

The CFC produces an index (0% to 100%) of forest canopy “openness” where open areas
have a CFC value equal to zero. Shrubs and low vegetation have values closer to zero and denser
forest canopy where there is more snow interception and reduced fall-through have higher CFC
values that can approach 100%. Bonner et al. (2022) found snow density within the Marmot
Creek, AB (~ 180 km north of WCW) forest canopy to be 10% lower than in open areas. This
was consistent with WCW field sampling conducted within forested and open areas. The Lastool
set (Isenburg, 2022) was used to create the CFC. The first step was to normalize the DEM with
the lasheight tool, where the DEM ground elevation was set to zero. The lascanopy tool was

subsequently used to compute an index of canopy coverage for a 30 m resolution by dividing the
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total number of lidar points above the height cutoff (1.37 m which is a standard height for forest
attribute measurements that also approximates the height at which ground cover can be separated
from forest canopy cover) by the total number of points. The CFC index for each grid cell was
used to adjust snow density where no modification was applied to open areas (CFC = 0). For
lower vegetated to forested areas (CFC index > 0), CFC values were multiplied by 0.01 to limit

the decrease in snow density to a maximum of 10% (as seen in Code Block 6-1).

6.3 Results

6.3.1 WCW Lidar Derived Snow Depth

WCW modelled snow depth is shown in Figure 6.5 and Table 6.3 for each WCW lidar
flight. Appendix A shows the distribution of 20 cm snow depth categories broken into 100 m
elevation bins. Deepest snow depths were generally seen in the track and runout zone of
avalanche paths. Depths less than 20 cm for the earlier Jan and Feb flights were 0% to 1.8%. The
two Mar SDMs showed more snow in the valley for the 2020 flight than the 2021 flight and
7.2% of the snowpack was less than 20 cm for the Mar 2021 fight. The 2018-Apr-20 snowpack
was still present in valley locations with a deeper snowpack throughout most of the watershed in
comparison to all other lidar snow sampling datasets. The snowpack was ablating by the 2021-

Apr-6 lidar snow sampling flights and had 12.6% of the WCW snow depth less than 20 cm.
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Figure 6.5: West Castle Snow Depth for 30 m watershed model. Black represents modelled snow depth < 20 cm.
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Table 6.3: Computed Snow Depth by 20 cm categories for each lidar flight

Snow Depth

(m) Feb-2014  Apr-2018 Mar-2020 Jan-2021 Mar-2021  Apr-2021
0.0-0.2 1.8% 1.3% 3.9% 0.0% 7.2% 12.6%
02-04 3.2% 1.8% 6.6% 0.1% 7.7% 11.1%
04-0.6 4.9% 2.4% 9.1% 2.5% 9.6% 11.4%
0.6-0.8 7.1% 5.0% 10.7% 4.9% 12.1% 10.7%
0.8-1.0 9.8% 6.8% 9.5% 9.9% 11.0% 8.5%
1.0-1.2 10.7% 7.6% 8.1% 12.9% 9.7% 7.5%
12-14 10.2% 8.8% 7.3% 12.7% 8.6% 7.2%
14-1.6 9.4% 8.1% 7.5% 10.7% 7.2% 6.2%
1.6-1.8 9.0% 7.2% 6.7% 9.4% 6.0% 5.2%
1.8-2.0 7.7% 6.8% 6.1% 7.9% 4.9% 3.9%
20-22 6.2% 7.1% 52% 6.7% 3.7% 3.2%
22-24 4.9% 6.2% 4.1% 5.4% 2.8% 2.6%
24-26 3.6% 5.7% 3.2% 4.2% 2.3% 2.2%
2.6-2.8 2.8% 4.7% 2.5% 3.2% 1.6% 1.7%
2.8-3.0 2.2% 3.8% 2.1% 2.5% 1.2% 1.3%
3.0-32 1.6% 3.0% 1.6% 1.8% 0.9% 1.0%
32-34 1.1% 2.5% 1.1% 1.3% 0.7% 0.7%
34-3.6 0.8% 2.1% 0.9% 0.9% 0.5% 0.6%
36-3.8 0.6% 1.7% 0.7% 0.7% 0.4% 0.4%
3.8-4.0 0.4% 1.3% 0.6% 0.5% 0.3% 0.4%
4.0-42 0.3% 1.0% 0.4% 0.4% 0.3% 0.3%
42-44 0.2% 0.9% 0.3% 0.3% 0.2% 0.2%
44-4.6 0.2% 0.6% 0.3% 0.2% 0.2% 0.2%
4.6-4.38 0.2% 0.6% 0.2% 0.2% 0.1% 0.2%
4.8-5.0 0.1% 0.4% 0.2% 0.1% 0.1% 0.1%
50-52 0.1% 0.3% 0.2% 0.1% 0.1% 0.1%
52-54 0.1% 0.3% 0.2% 0.1% 0.1% 0.1%
54-56 0.1% 0.2% 0.1% 0.1% 0.1% 0.1%
56-58 0.1% 0.2% 0.1% 0.1% 0.1% 0.1%
>5.8 0.4% 1.5% 0.6% 0.2% 0.3% 0.4%

6.3.2 Snow Density

AEP monthly snow density derived field sampling for the months of interest from Jan
1992 to Apr 2021 as seen in Figure 6.6 and Table 6.4, shows a seasonal variation between the
four sites. All sites had an increase in snow density from Jan to Apr. Gardiner has the highest
elevation and had the highest mean snow density from Jan (34%) to Mar (42%). SRHC is 20 m
lower in elevation than Gardiner however consistently had the lowest snow density for each
month of all the mid-mountain sites. Of all the mid-mountain sites, Akamina has the lowest

elevation however, had the same Apr monthly mean snow density (42%) as Gardiner. The
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monthly mean snow density for the valley WCII site was highest in Apr at 37% although the

snowpack was completely depleted in two of the sampling years.
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Figure 6.6: The Box plot shows the snow density of each site by month. The “X” is the mean, the bar within the box
is median value. The “T”’s show the upper and lower range of the data. The coloured box is the interquartile range
(quartile 1 to quartile 3), dots are outliers (data points that are 1.5 times above or below the interquartile range).
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Table 6.4: Statistics for AEP Snow Density Sampling from 1992 to 2021. Snow density was expressed as a
percentage of water equivalent (standard water density is 1000 kg/m3) in order to derive SWE estimates by
multiplying snow depth by snow density.

WCII Akamina SRHC Gardiner
Month (1533 masl) (1809 masl) (1920 masl) (1940 masl)
Jan Max 35 37 34 37
Min 17 23 21 30
Mean 27 30 28 34
Median 26 30 28 34
StDev 4 3 3 2
n 29 30 26 22
Feb Max 34 43 35 42
Min 20 24 20 27
Mean 28 32 29 35
Median 28 32 29 35
StDev 4 4 3 4
n 29 30 26 25
Mar Max 41 44 41 41
Min 23 27 24 31
Mean 34 35 32 37
Median 34 36 33 37
StDev 4 4 4 3
n 30 30 26 25
Apr Max 46 52 46 47
Min 25 29 28 34
Mean 37 42 39 42
Median 38 43 39. 43
StDev 6 6 4 3.
n 27 28 27 25
Total 120 115 118 105 97

Statistical regressions between the AEP WCII and mid-mountain sites (as seen in Table
6.5) showed a strong linear agreement (r> = 0.98 and 0.99) for Jan to Mar. The linear relationship
(1> = 0.89 and 0.91) was not as strong in Apr when WCII was in the ablation stage in some years.
There was an elevational influence observed in AEP field sampling measurements. SRHC had

lower snow density than Gardiner and Akamina from Jan to Apr.

Table 6.5: Snow Density Regressions: y = mx + b, where m is the Slope of the line and b = 0. WCII vs Akamina,
WCII vs Gardiner, WCII vs SRHC. Coefficient of determination is denoted as R2.

Akamina Gardiner SRHC
Month Slope R? Slope R? Slope R?
Jan 1.10 0.99 1.28 0.98 1.03 0.98
Feb 1.12 0.98 1.25 0.99 1.02 0.99
Mar 1.04 0.99 1.10 0.99 0.95 0.99
Apr 1.11 0.91 1.10 0.89 1.01 0.91
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ULAL snow density derived field measurements (see in Table 6.6) are listed by sampling
date. Relationships of interest were elevation and forest canopy. Repeat sampling at all upper
elevations in WCW was not possible due to accessibility and snow sampling field resources.
Data regressions for ULAL snow density sampling showed strong agreement between the open
areas and canopy as well as with elevation. During 2018, more frequent snow sampling occurred
at the WFS site. Density increased during the accumulation phase from Jan to mid Apr. At the

end of Apr, snow density was 36% to 39% when the snowpack was isothermal and melted out.

Table 6.6: Statistics for ULAL Snow Density Field Sampling (Max, Min, Mean, Median, StDev are shown in
percentage values, n is the count of the number of samples)

Date Elev Location Max Min Mean Median StDev n
2014-02-24 1413 CMR-Valley snow-pit open 27 1
2014-02-24 1406 WFS canopy 28 16 24 24 3 20
2018-01-05 1403 WES open 27 8 14 13 4 30
2018-01-20 1403 WES open 50 13 22 21 6 40
2018-02-21 1403 WES open 44 24 27 26 6 10
2018-03-04 1403 WFS open 26 9 20 21 4 35
2018-04-09 1403 WFS open 46 21 35 35 4 30
2018-04-15 1403 WFS open 63 27 41 41 8 20
2018-04-19 1403 WEFS open 40 17 29 30 7 15
2018-04-26 1403 WFS open 49 29 38 37 5 22
2018-04-26 1403 WES open 42 33 39 40 3 6
2018-04-27 1403 WES open 57 16 36 37 7 34
2018-04-27 1403 WES open 44 27 37 40 6 6
2019-03-14 1403 WFS open 23 18 21 21 2 9
2019-03-14 1403 WFS canopy 18 12 15 15 3 2
2019-03-16 2136 Ridge open 35 20 28 31 6 5
2019-04-05 1403 WFS open 41 13 32 32 8 12
2019-04-05 1403 WES canopy 34 10 22 21 9 5
2020-01-30 1403 WES canopy 23 19 21 21 2 4
2020-03-05 1403 WES open 32 23 28 29 4 5
2020-03-05 2136 Ridge open 49 32 39 35 10 3
2021-01-23 1403 WFS open 48 21 29 26 9 7
2021-01-23 1403 WFS canopy 16 10 13 13 4 2
2021-01-23 1754 Huckleberry open 34 27 32 33 3 5
2021-01-23 2136 Ridge open 44 25 36 37 7 5
2021-03-05 1403 WES open 35 20 29 28 5 12
2021-03-05 1403 WES canopy 32 15 24 25 5 10
2021-03-05 1754 Huckleberry open 33 30 32 31 1 5
2021-03-05 1752 Huckleberry canopy 28 19 23 24 4 5
2021-03-05 1754 North Run - Slope canopy 34 21 29 30 5 5
2021-03-05 1759 North Run - Flat canopy 31 21 27 28 4 5
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6.3.2.1 WCW Snow Density

The two snow density modelling scenarios, model A (Closest Sampling Date) and model
B (30-year Mean Sampling) are shown in Table 6.7. The 2014-Feb-24 AEP Field sampling
occurred on the same day as the lidar snow sampling flight. The lower limit was the same for
both model sampling scenarios. The upper limit for model B was 36% as opposed to 33% for
model A. AEP field sampling did not occur on the same day for all other lidar snow sampling
flights. AEP sampling for the 2021-Apr-6 lidar flight was 9 days earlier (occurring on 2021-Mar-
28). The lower and upper snow density limits were 4% higher for the model B scenario. AEP
sampling for the 2021-Jan-22 was 6 days after the flight. The WCW snow density lower and
upper limits were reduced by 1% for the model B scenario. Snow density during the 2021 snow
season showed an increasing progression through the year for model B at both WCII and
Gardiner whereas model A had the highest snow density range for the Mar lidar snow sampling

flight.

Table 6.7: ALS Mission Snow Density limits using WCII and Gardiner field samples. WCW lower limit (1390
masl). Upper limit for Treeline ( > 2000 masl) to WCW highest elevation. Model B shows the standard deviation for
WCII and Gardiner field measurements in brackets.

Model A: Closest Sampling Date Model B: 30-year Mean Sampling
(%) (%)
Lidar Snow AEP Field WCII  Gardiner WCW WCW WCII  Gardiner WCW WCW
Sampling Sampling Density Density Lower  Upper Density  Density Lower Upper
Limit  Limit Limit  Limit
2014-Feb-24 2014-Feb-24 27 32 25 33 28 (3) 354 25 36
2018-Apr-20 2018-Apr-26 38 44 36 44 37 (6) 42 (3) 36 42
2020-Mar-5 2020-Mar-2 30 35 28 36 28 (3) 354 25 36
2021-Jan-22 2021-Jan-28 28 35 25 36 26 (4) 34 (2) 24 35
2021-Mar-4 2021-Feb-24 24 42 18 44 28 (3) 354 25 36
2021-Apr-6 2021-Mar-28 29 33 28 33 34 (3) 37(3) 32 37

For visualization purposes, WCW snow density maps for model A are shown in Figure
6.7 (model B maps are not visually different from model A maps). Lower snow densities were

present near the beginning of the snow season in Jan and Feb. Higher densities occurred near the
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end of the snow season in Apr. The Mar 2021 lidar snow sampling flight had a higher range of

snow density than the Mar 2020 flight.
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Figure 6.7: West Castle Snow Density for 30 m watershed model computed for model A: closest AEP field sampling
point in time.

6.3.3 WCW Snow Water Equivalent

WCW modelled snow water equivalent computed using snow density model A is shown
in Figure 6.8. There were lower SWE values in valley elevations for the 2021-Apr-6 flight as the

snowpack was in the process of ablating. In comparison, the 2018-Apr-20 snowpack was still
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present in most of the valley and watershed. Higher SWE estimates were produced in the valley,

upper elevations, and throughout the watershed.
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Figure 6.8: West Castle Snow Water Equivalent for 30 m watershed model computed for model A: closest AEP field
sampling point in time. For visual comparison purposes of all flights, maximum SWE was set to 1500 mm, however,
values can exceed this upper limit.

The 2014-Feb-24 lidar snow sampling flights with ESRI Forest based regression
“observed” and “predicted” snow depth SWE estimates are shown in Figure 6.9. Lower SWE

estimates were produced in the northwestern mid-mountain to alpine locations using the LCP
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flight line. For the T3 flight line, higher SWE estimates occurred in the upper reaches of the

watershed in comparison to the observed wall-to-wall SWE estimates.
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Figure 6.9: West Castle Snow Water Equivalent model for the 30 m observed and FBR predicted snow depth
computed for model A: closest AEP field sampling point in time. The “observed” SWE was the “wall-to-wall” lidar
snow sampling. T3 and LCP show where each snow depth flight line sampling was located in the watershed. For
interest, T3&LCP was created using both flightlines for snow depth model prediction. For visual comparison
purposes, maximum SWE was set to 1500 mm, however, values can exceed this upper limit.

6.3.4 WCW Water Yield

Gardiner snow water depletion curves with corresponding lidar snow sampling flights are
shown in Figure 6.10. The lowest snow water year was 2020 — 2021. In this year, the Gardiner
snow water sensor recorded 287 mm on the day of the 2021-Jan-22 snow sampling flight, 2021-
Mar-4 had 325 mm and 2021-Apr-6 measured 386 mm. In comparison, the 2017 - 2018 Gardiner
snow water showed the highest amount at 725 mm for the 2018-Apr-22 lidar snow sampling
flight. Two lidar snow sampling flights occurred one year apart, however, the 2020-Mar-5
recorded 665 mm whereas the 2021-Mar-4 was less than half the snow water at 325 mm. The

2014-Feb-24 Gardiner snow water was 509 mm.
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Figure 6.10: AEP Gardiner Snow Water for each lidar mission date (highlighted by the black circle). Missing data
for the Gardiner 2017 - 2018 SW year (green dotted line, see Figure 6.11 for regression results) was regressed from
Feb to the end of Apr 2018 using SRHC SW (R?=0.91).
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Figure 6.11: AEP Gardiner vs SRHC Snow Water Regression for Feb, Mar, and Apr 1992 to 2021 field

West Castle water yield was calculated for each temporal lidar snow sampling flight
shown in Table 6.8. The model (A) scenario with both the elevation and CFC snow density

resulted in the lowest yield for 2021-Apr-6 at 33.89 x 10° m®. The 2018-Apr-20 lidar flight

156



occurred two weeks later in the hydrologic year however had the highest calculated water yield
of 80.76 x 10° m>. The forest canopy CFC adjustment reduced computed watershed water yield
from 8% to 11% for all flights compared to using only the elevation snow density computation.
Comparing model A and B snow density “Elev & CFC” scenarios, the largest difference in water
yield was for the 2021-Apr-6 flight. The 2021-Mar-4 flight had a lower water yield for model B

(37.37 x 10° m*) compared to using model A for snow density (43.60 x 10° m?).

Table 6.8: Water Yield for the Lidar sampling of the WCW (Area: 101.95 km?). All “Scenario Comparison” water
yield percentages are in relation to the density from model A: Closest Sampling Date divided by model B: 30-year
monthly mean ( A /B ). Values > 100 are model B had higher water yield estimations than model A, whereas values
<100 are lower model B estimations than model A. (Elev refers to elevation)

Model A: Closest Sampling Date B: 30-year Monthly Mean Scenario
x 10 m* x 106 m? Comparison

Lidar Elev & Elev CFC Elev & Elev CFC Elev & Elev
Mission CFC Only Influence CFC Only Influence CFC Only

(%) (%) (%) (%)
2014-Feb-24 44.42 49.35 10.1 47.45 53.15 10.7 106.8 107.7
2018-Apr-20 80.76 87.89 8.1 77.61 84.74 8.4 96.1 96.4
2020-Mar-5 46.25 51.06 9.4 44.88 49.68 9.7 97.0 97.3
2021-Jan-22 50.28 56.59 11.1 49.03 55.33 11.4 97.5 97.8
2021-Mar-4 43.60 47.93 9.0 37.37 41.69 10.4 85.7 87.0
2021-Apr-6 33.89 37.49 9.6 38.33 41.93 8.6 113.1 111.8

WCW water yield is shown for both snow density modelling scenarios grouped into 100
m elevation ranges (see Table 6.9). For both scenarios, the most productive elevation range was
1900 — 2000 masl with between 17.3% to 19.4% estimated water yield for all lidar snow
sampling flights. Valley elevations below 1600 masl contributed 5.5% of the total water yield for
the Mar-2021 model A in comparison to 7.7% for model B. In contrast, the Jan-2021 valley
elevations had a 10.3% and 10.0% (for model A and B respectively) contribution to total
watershed water yield while elevations above 2200 masl produced 11.4% and 11.6% for snow

density model A and B scenarios.
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Table 6.9: Water Yield (x 10° m3) categorized by 100 m elevation ranges for model A: “Closest Sampling Date” and
model B: “30-year Monthly Mean” using “Elevation & CFC” snow density models. WCW Area: 101.95 km?. The
percentages refer to how much of the water yield each range contributed to the total for each lidar flight.

Model A: Closest Sampling Date

Elev Range Area

(masl) (km?) Feb-2014 Apr-2018 Mar-2020 Jan-2021 Mar-2021 Apr-2021
1390 - 1500 11.20  1.70 (3.8%) 3.07 (3.8%) 1.20 (2.6%)  2.21 (4.4%) 0.75(1.7%)  0.67 (2.0%)
1500 - 1600  11.84  2.64 (6.0%) 4.76 (5.9%) 2.13(4.6%)  3.00(6.0%) 1.58(3.6%) 1.39 (4.1%)
1600 - 1700  11.69  3.63 (8.2%) 6.31 (7.8%) 3.22(7.0%)  3.82(7.6%)  2.63(6.0%)  2.16 (6.4%)
1700 - 1800  12.16 5.26 (11.8%) 9.03 (11.2%) 5.19(11.2%) 5.49(10.9%) 4.55(10.4%) 3.71(10.9%)
1800 - 1900  12.04 6.54 (14.7%) 11.77 (14.6%) 7.26 (15.7%) 7.19 (14.3%) 6.71 (15.4%) 5.34 (15.8%)
1900 -2000  13.05 7.76 (17.5%) 14.17(17.5%) 8.71 (18.8%) 8.70(17.3%) 8.74 (20.0%) 6.58 (19.4%)
2000 -2100 11.60 7.26(16.3%) 13.45(16.7%) 8.16 (17.6%) 8.27 (16.4%) 8.45(19.4%) 6.23 (18.4%)
2100 - 2200 873  5.12(11.5%) 9.64(11.9%) 5.56(12.0%) 5.87(11.7%) 5.61(12.9%) 4.22(12.5%)
2200 - 2300 578  2.93 (6.6%) 5.54 (6.9%) 3.14 (6.8%)  3.60 (7.2%) 3.05(7.0%)  2.36 (7.0%)
2300 -2400  2.88 1.22 (2.7%) 2.32 (2.9%) 1.32(2.9%) 1.64(3.3%) 1.24(2.8%) 0.99(2.9%)
2400-2500  0.76  0.29 (0.6%) 0.56 (0.7%) 0.29 (0.6%)  0.41(0.8%)  0.25(0.6%)  0.20 (0.6%)
2500-2630  0.21 0.07 (0.2%) 0.15 (0.2%) 0.08 (0.2%)  0.10(0.2%)  0.05(0.1%)  0.04 (0.1%)

Total 44.42 80.76 46.25 50.28 43.60 33.89
Model B: 30 Year Monthly Mean
1390 - 1500 1120  1.77 (3.7%) 3.02 (3.9%) 1.07 2.4%)  2.07 (4.2%) 1.06 (2.8%) 0.80(2.1%)
1500 - 1600  11.84  2.73 (5.7%) 4.65 (6.0%) 1.94 (4.3%)  2.84(5.8%) 1.83(4.9%) 1.64(4.3%)
1600 - 1700  11.69  3.72 (7.8%) 6.13 (7.9%) 3.00 (6.7%)  3.67 (7.5%)  2.65(7.1%)  2.51 (6.6%)
1700 - 1800  12.16 5.46 (11.5%) 8.75(11.3%) 4.93(11.0%) 5.32(10.9%) 4.17 (11.2%) 4.23 (11.0%)
1800 - 1900  12.04 6.96 (14.7%) 11.37(14.7%) 7.00 (15.6%) 7.01 (14.3%) 5.75(15.4%) 6.02 (15.7%)
1900 -2000  13.05 8.36 (17.6%) 13.65(17.6%) 8.50(18.9%) 8.52(17.4%) 7.08(18.9%) 7.36(19.2%)
2000 -2100 11.60 7.91(16.7%) 12.76 (16.4%) 8.11 (18.1%) 8.15(16.6%) 6.70(17.9%) 7.00 (18.3%)
2100 - 2200 873 5.60(11.8%) 9.14(11.8%) 5.53(12.3%) 5.78(11.8%) 4.46(11.9%) 4.74 (12.4%)
2200 - 2300 578  3.21(6.8%) 5.26 (6.8%) 3.12 (7.0%)  3.54(7.2%)  2.44 (6.5%)  2.65(6.9%)
2300 -2400  2.88 1.33 (2.8%) 2.20 (2.8%) 1.31(2.9%) 1.62(3.3%) 099 (2.7%) 1.11(2.9%)
2400-2500  0.76  0.32(0.7%) 0.53 (0.7%) 0.29 (0.6%)  0.40 (0.8%)  0.20 (0.5%)  0.22 (0.6%)
2500-2630  0.21 0.08 (0.2%) 0.14 (0.2%) 0.08 (0.2%)  0.10(0.2%)  0.04 (0.1%)  0.05 (0.1%)
Total 47.45 77.61 44.88 49.03 37.37 38.33

WCW water yield for the 2014-Feb-24 Forest Based Regression predicted snow depth

flight paths are shown in Table 6.10. The observed WCW wall-to-wall snow depth combined

with snow density model (A) was used as the baseline estimate for all predicted snow depth

flight path water yields. T3 and T3+LCP estimated a higher water yield than the observed wall-

to-wall whereas LCP estimated a lower water yield. Comparing snow density model (A) and

model (B), LCP was lower than the observed wall-to-wall water yield. Both the T3 and T3+LCP

estimated a higher water yield than the observed wall-to-wall.
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Table 6.10: Water Yield (X 10° m®) for the 2014-Feb-24 lidar sampling of the WCW Wall-to-Wall observed and T3,
LCP, T3+LCP 30 m FBR predicted snow depth and Elevation & CFC snow density. All “Scenario Comparison”
water yield percentages are in relation to the WCW snow density model A: Closest Sampling Date multiplied by the
Observed Wall-to-Wall sampled snow depth. Predicted values > 100 are higher water yield estimations, values <
100 are lower estimations.

Model A: Closest Sampling Date B: 30-year Monthly Mean
Elevation Scenario Elevation Scenario

(Area: 104.41 km?) and Comparison and Comparison
CFC (%) CFC (%)

Observed Wall-to-Wall 45.70 49.65 109

T3+LCP (Predicted Depth) 47.12 103 51.20 112

T3 (Predicted Depth) 47.55 104 51.66 113

LCP (Predicted Depth) 40.77 89 4433 97

6.4 Discussion

The underlying goal of this research and snowpack monitoring framework was to
quantify water yield for the West Castle watershed. This study focused on single point in time
SWE estimates. West Castle water yield was calculated using airborne lidar derived snow depth

and density models based on AEP snowpack field sampling.

6.4.1 Airborne Lidar Sampling

Airborne lidar sampling was used to obtain the bare-earth (BE) and digital snow surface
model (DSSM). Ground surface classification can be problematic for summer lidar sampling (the
bare earth DEM). Lidar points may not penetrate to the ground surface in locations of denser
ground vegetation consisting of small shrubs and grasses located mostly in non-forested areas
below alpine elevations. This has the effect of raising the BE DEM surface above the true ground
surface. When differencing the DSSM from BE, an underestimation of snow depth will occur
where these vegetation features are located. In winter, an overestimation of snow depth can occur
in the SDM where grasses and shrubs are covered by snow. When submergent shrubs and dead

fallen vegetation caused by wildfire are beneath the snow, the surface appears to be very stable.

159



However, air pockets between the feature and ground surface will produce an over-estimation of
snow depth. Ski hill operations decrease snow depth from grooming compaction and increase
depth after artificial snow making. Locations with features such as wind-blown cornices that
overhang the lee side of hills produce a gap between the snowpack and ground surface. SDM
uncertainty is generally within 10 cm (Hopkinson et al., 2012; Raleigh & Small, 2017).
However, with deeper snowpacks, proportional depth uncertainty reduces and density becomes
the larger source of uncertainty (Raleigh & Small, 2017). Snow depth progression of lidar flights
through 2020-2021 (the lowest accumulated snow season) with less than 20 cm (Table 6.3 and
Appendix A) was 0% in Jan and increased to 7.2% in Mar. Apr and had 12.6% of the WCW
snow depth less than 20 cm with 4.5% of that area in valley elevations of the watershed.
However, the valley elevations (Table 6.9) only contributed 2% of the total water yield for the
Apr 2021 lidar flight. These sources of error have an influence on modelled snowpack depth
from true depth. This will impact the overall wall-to-wall estimate of SWE and water yield for

the watershed.

6.4.2 Snow Density

The AEP Pickering (2018) “Snow Surveying Field Sampling Protocols” document was
created in 2018 to ensure snow sampling conducted by all personnel would be comparable
throughout Alberta in order to obtain consistent (past and future) data measurements. The only
requirement in this protocol is for manual field snow sampling to be completed within 5 days
either side of the first of the month. Generally, several samples are taken at each location in an

open area or small clearing with minimal canopy to obtain the final snow depth and SWE

160



measurement for that point in time. However, the public dataset does not contain information
regarding the level of uncertainty or error, number of samples, or precise physical sampling
location. In examining AEP snowpack field sampling sites in the southern eastern slopes of
Alberta, SHRC had lower mean and median snow density difference from Gardiner ranging from
6% in Feb to 3% in Apr. Based on the density model calculation, Gardiner and SRHC should
have a density within 1% of each other over the snow season since SRHC is only 20 m lower in
elevation than Gardiner. Akamina (131 m lower in elevation than Gardiner) had a lower
difference in mean snow density than Gardiner in Jan (4%). By the end of Apr, mean density was
the same for both Gardiner and Akamina. The computed snow density for Apr models would
have a difference of less than 1%. The WCII valley site (387 m lower than SHRC) had a mean
density difference within 1% of SRHC for Jan and Feb. However, WCII had a snow density
mean of 1% higher than SRHC for Mar. This suggests other influencing factors contributed to
snow density differences between these four sites. For example, SHRC is south facing, and
Gardiner is north facing. There was insufficient data as well as no clear empirical method to
adjust snow density based on aspect, therefore it was not included as a model parameter.
Temporal modelled snow density had to align with the associated lidar snow depth
sampling mission. Two different model scenarios were created, the first being the closest sample
based utilizing the nearest neighbour field sampling (model A) versus long term 30-year monthly
mean sampled density (model B) to constrain the analysis. The snow density model assumed a
homogeneous snowpack throughout WCW for elevation and canopy calculated density.
Specifically, the model had a linear increase in density with elevation to treeline followed by
constant density from treeline to the upper reaches of the watershed. Density was then reduced

based on forest canopy fractional coverage. The forest canopy influence (see Table 6.8 and
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Figure 6.2) on snow density accounted for an 8% to 11% reduction in computed WCW water
yield for both modelling scenarios. Locations with denser forest canopy combined with deep
snowpacks caused the CFC modifier to have a large influence on the SWE calculation at the
watershed scale. However, it is important to note model B estimated 14% less yield for 2021-
Mar-4 and was 13% higher for the 2021-Apr-6 flight for both canopy options (CFC included and
removed) of the WCW calculation. There were no further adjustments applied to the models to
account for density variability in this version of the snowpack monitoring framework. However,
snow density models cannot assume to be representative of the entire WCW spatial area with
limited AEP calibration and ULAL validation snow depth and SWE field sampling data points.
ULAL field sampling collections that were coincident with lidar flights were used to
verify point locations of modelled snow density had similar values. Only one crew was available
to conduct field sampling so this limited the number of point measurements that could be
obtained for each lidar flight within WCW. The heterogeneity of the snowpack with wind-
scoured locations and deep packs existed within short distances on the alpine ridge as seen in
Figure 6.3. Sampling on the ridge was difficult due to thick ice lenses within the pack that were
difficult to cut through. It was not possible to reach the base of the snowpack for all
measurement points to ensure an entire snow column was sampled. Forest canopy sampling
began in the 2019 winter season therefore canopy validation was only possible for the 2020 —
2021 lidar flights. This limited the number of ULAL field sampled points that could be compared

to snow density model grid cells.

There were three lidar snow sampling flights in the 2020-2021 snow season that captured
the seasonal progression of the snowpack. This year had the lowest measured snow water in the
Gardiner snow water depletion curve as well as the least SW differentiation of 99 mm between
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the three lidar mission dates. Gardiner snow water peaked at 443 mm by the end of Apr 2021
which was still lower than the measured SW of all other lidar snow sampling flights. For Mar
and Apr 2021 flights, there was patchy snow in the valley, so the snowpack was beyond the end
of the depletion curve at the lower elevations whereas the rest of the watershed was still
somewhere on the depletion curve. This is problematic since melt occurs at different rates and
times from site to site throughout the watershed (Shea et al., 2021). From Jan to Mar, snow is
generally still accumulating at all elevations. By the end of Mar, WCW may still be
accumulating snow at upper elevations while lower elevations are isothermal and melting out.
The Apr 2018 lidar snow sampling flight had the highest calculated water yield. The pack did not
start to melt out until the end of Apr 2018 after the lidar flight occurred due to colder air
temperatures (below 0° C) that prevented the snowpack from melting in valley elevations

(Barnes et al., 2020).

6.4.3 Snow Water Equivalent and WCW Water Estimates

Water yield estimates (see Table 6.11) for the WCW lower, mid, and upper elevations as
seen in Figure 6.2, show the lowest elevation range had the least water yield for both snow
density modelling (A and B) scenarios. In contrast, the upper elevation category (above 1970
masl) was the most productive with 43% to 49% of estimated water yield for the watershed.
However, there are no AEP sampling sites in these upper elevations (within southwestern
Alberta) to calibrate snow density models. Since AEP field sampling was used to constrain the
lower and upper density ranges for WCW, which model is more appropriate to use? AEP
sampling had a gap of six to nine days for four of the lidar snow covered area acquisitions. There

could be significant changes in the snowpack state between AEP sampling and lidar missions.
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The long-term 30-year monthly mean (model B) may be a better modelling choice since it is not
possible to know if the closest sampling date (model A) is truly representative of snow density
for the watershed. However, when shorter time intervals occur between AEP and lidar sampling
dates, model A might be a more appropriate option to account for differences in water year
(higher or lower) precipitation volumes. If AEP manual field sampling estimates of snow depth
and SWE are highly reliable, model A may be more representative of WCW snow density.
Unfortunately, there is no indication of data variance or standard deviation for individual
temporal measurements. One option is to run both snow density models since each scenario
produced a different watershed water yield. The Feb 2014 was the only date when AEP sampling
occurred on the same day as the lidar snow sampling flight. Comparing both snow density
modelling scenarios with the WCW FRB predicted snow depth (see Table 6.10), water yields
were within 3% to 13%. This may be an acceptable range of mesoscale water yield estimates
from the perspective of developing a time sensitive, “cost effective”, and reduced snowpack

sampling monitoring framework.

Table 6.11: Water Yield ( x 10° m®) with percentage of total yield broken into three equal area elevation ranges as
seen in Figure 6.2 for the model A: “Closest Sampling Date” and model B: “30-year Monthly Mean” Elevation &
CFC snow density modelling scenarios. WCW Area: 101.95 km?. “Days between Flight and AEP Sampling”:
negative values represent the number of days AEP sampling occurred before the lidar snow sampling flight, positive
values indicate the number of days after the lidar flight.

Days between A: Closest Sampling Date B: 30-year Monthly Mean

Flight and AEP Lower Mid Upper Lower Mid Upper

Sampling 1390 -1695  1695—-1970 1970 —2630 1390 — 1695 1695 — 1970 1970 — 2630
Total masl masl masl Total masl masl masl

Feb-2014 0 4442 7.75(174%) 17.39(39.1%) 19.28 (43.4%) 4745 7.93(16.8%) 18.43 (38.8%) 21.04 (44.3%)
Apr2018  +6 80.76 13.75(17.0%) 30.98 (38.4%) 36.03 (44.6%)  77.61 13.42(17.3%) 29.94 (38.6%) 34.24 (44.1%)
Mar-2020 -3 4625 6.34(13.7%) 18.68 (40.4%) 2124 (45.9%)  44.88 5.81(13.0%) 17.99 (40.1%) 21.07 (47.0%)
Jan-2021  +6 5028 8.80(17.5%) 18.93 (37.6%) 22.56 (44.9%)  49.03 8.36(17.0%) 18.45 (37.6%) 22.22 (45.3%)
Mar-2021 -8 43.60 4.78(11.0%) 17.42(39.9%) 21.41(49.1%)  37.37 5.37(144%) 14.98 (40.1%) 17.02 (45.5%)
Apr2021 -9 33.89 4.07(12.0%) 13.74 (40.5%) 16.09 (47.5%)  38.33 478 (12.5%) 15.51 (40.5%) 18.04 (47.1%)
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6.5 Conclusion

This study investigated a cost-effective framework to estimate mesoscale snow water
equivalent yields. West Castle SWE and water yield was computed using airborne lidar snow
depth sampling. AEP SWE field observations (collected within 5 days on either side of the first
of the month) were used to create and constrain snow density models for each lidar-derived snow
depth model. AEP field data collections do not always coincide with lidar flights; therefore two
different snow density modeling scenarios were tested: A) sampling that was in near temporal
proximity to lidar flights; and B) from calculated 30-year density monthly means. There was a
4% to 14% difference in WCW water yield between the two snow density modeling scenarios (A
and B). Three of the lidar snow sampling flights were conducted in 2021. AEP sampling
occurred 6 days after the January flight, however, the water yield was within 3% for both
scenario A (50.28 x 10° m*) and B (49.03 x 10° m®). AEP sampling was completed prior to each
of the March (eight days) and April (nine days) flights. There was an estimated 14% higher
water yield for the proximal sampling in March (A =43.60 x 10° m? and B = 37.37 x 10° m®) and
13% lower water yield for April (A =33.89 x 10° m?® and B = 38.33 x 10° m?). Since the
snowpack state can change significantly between the time of the lidar flight and the snow density
sampling, scenario B is a reasonable alternative modelling scenario. Snow density models could
potentially be improved with additional terrain attributes such as directional aspect and slope.
The inclusion of wind field data might allow for snowpack compaction corrections on wind
loaded slopes.

WCW water yield was computed for two selective snow depth sampling and prediction
configurations (described in (Barnes & Hopkinson, 2022)) and compared to the fully sampled

wall-to-wall observed snow depth for the February 2014 lidar data set. AEP field sampling
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occurred on the same day as the flight. The wall-to-wall observed water yield for scenario A was
45.70 x 10% m>. The three transect flight sampling configuration produced a water yield of 47.55
x 10° m3, 4% higher than the observed snow depth. The least cost path sampling configuration
produced a water yield of 40.77 x 10° m?, 11% lower than the observed snow depth. Sample-
based estimates of total watershed SWE that are within 11% of observed suggest this a viable
alternative to full wall-to-wall lidar snow sampling, given this opens up the possibility for
spatially-explicit yield estimates over much greater areas.

A breakdown of water yield by elevation zones showed valley elevations from 1390 masl
to 1500 masl produced between 2% to 4% of the overall water yield for all flights. The most
productive elevations ranged from 1970 masl to 2630 masl and contributed 43% to 49% of the
water yield for all lidar snow surveys. The alpine (between 2300 masl to 2630 masl) zone
contributed 4% to 5% of watershed SWE. However, no AEP snow monitoring is performed at
these higher elevations in southern Alberta so there is the possibility for a small over- or under-
estimation of SWE given snow density was set to a constant value at elevations above 2000
masl.

This snowpack monitoring framework only requires derived or predicted snow depths
from airborne lidar samples, bare-earth DEM, DSM, and AEP snow density measurements. Once
model estimates have been demonstrated to work reasonably well, this methodology can be
applied to other watersheds. The next step in this innovative water resource monitoring workflow
is to scale up from the watershed to larger mountain drainage basins using lidar sampling,
publicly available geospatial data layers, field sampling and distributed meteorological data

inputs.

166



6.6 References

Alberta Environment. (2003). Water for Life - Alberta's Strategy for Sustainability. In. Government of Alberta.
http://aep.alberta.ca/water/programs-and-services/water-for-life/strategy/downloadable-information-about-
the-water-for-life-strategy.aspx

Anderson, B. T., McNamara, J. P., Marshall, H. P., & Flores, A. N. (2014). Insights into the physical processes
controlling correlations between snow distribution and terrain properties. Water Resources Research, 50(6),
4545-4563. https://doi.org/doi:10.1002/2013WR013714

Avanzi, F., Ercolani, G., Gabellani, S., Cremonese, E., Pogliotti, P., Filippa, G., Morra di Cella, U., Ratto, S.,
Stevenin, H., Cauduro, M., & Juglair, S. (2021). Learning about precipitation lapse rates from snow course
data improves water balance modeling. Hydrol. Earth Syst. Sci., 25(4), 2109-2131.
https://doi.org/10.5194/hess-25-2109-2021

Barnes, C., & Hopkinson, C. (2022). Comparing Mountain Snowpack Depth Model Results from Different Airborne
Laser Scanning Flight Path Samples. Canadian Journal of Remote Sensing, 48(1), 81-92.
https://doi.org/10.1080/07038992.2021.1999797

Barnes, C., Hopkinson, C., Porter, T., & Xi, Z. (2020). In-Situ LED-Based Observation of Snow Surface and Depth
Transects. Sensors, 20(8), 2292. https://www.mdpi.com/1424-8220/20/8/2292

Bartlett, P. A., MacKay, M. D., & Verseghy, D. L. (2006). Modified snow algorithms in the Canadian land surface
scheme: Model runs and sensitivity analysis at three boreal forest stands. Atmosphere-Ocean, 44(3), 207-
222. https://doi.org/10.3137/a0.440301

Bergeron, T. (1960). Operation and results of “Project Pluvius.”. Physics of Precipitation, Geophys. Monogr, 5, 152-
157.

Blue Marble Geographics. (2022). Global Mapper Suite, Geographic Calculator. In Copyright © 2023 Blue Marble
Geographics.

Bonner, H. M., Raleigh, M. S., & Small, E. E. (2022). Isolating forest process effects on modelled snowpack density
and snow water equivalent. Hydrological Processes, 36(1), e14475.
https://doi.org/https://doi.org/10.1002/hyp.14475

Broberg, L. (2021). Relative snowpack response to elevation, temperature and precipitation in the Crown of the
Continent region of North America 1980-2013. PLoS ONE, 16(4), ¢0248736.
https://doi.org/10.1371/journal.pone.0248736

Campbell, S. (2018). Acoustic Snow Depth Sensor Operation. Edmonton, AB: Alberta Environment and Parks
Retrieved from http://environmentalmonitoring.alberta.ca/wp-content/uploads/2018/07/Acoustic-Snow-

Depth-Sensor.pdf

Cornwell, E., Molotch, N., & McPhee, J. (2016). Spatio-temporal variability of snow water equivalent in the extra-
tropical Andes Cordillera from distributed energy balance modeling and remotely sensed snow cover.
Hydrology and Earth System Sciences, 20(1), 411.

Daly, C., Gibson, W. P., Taylor, G. H., Johnson, G. L., & Pasteris, P. (2002). A knowledge-based approach to the
statistical mapping of climate. Climate Research, 22(2), 99-113. https://www.int-
res.com/abstracts/cr/v22/n2/p99-113

167


http://aep.alberta.ca/water/programs-and-services/water-for-life/strategy/downloadable-information-about-the-water-for-life-strategy.aspx
http://aep.alberta.ca/water/programs-and-services/water-for-life/strategy/downloadable-information-about-the-water-for-life-strategy.aspx
https://doi.org/doi:10.1002/2013WR013714
https://doi.org/10.5194/hess-25-2109-2021
https://doi.org/10.1080/07038992.2021.1999797
https://www.mdpi.com/1424-8220/20/8/2292
https://doi.org/10.3137/ao.440301
https://doi.org/https:/doi.org/10.1002/hyp.14475
https://doi.org/10.1371/journal.pone.0248736
http://environmentalmonitoring.alberta.ca/wp-content/uploads/2018/07/Acoustic-Snow-Depth-Sensor.pdf
http://environmentalmonitoring.alberta.ca/wp-content/uploads/2018/07/Acoustic-Snow-Depth-Sensor.pdf
https://www.int-res.com/abstracts/cr/v22/n2/p99-113
https://www.int-res.com/abstracts/cr/v22/n2/p99-113

DeBeer, C. M., & Pomeroy, J. W. (2009). Modelling snow melt and snowcover depletion in a small alpine cirque,
Canadian Rocky Mountains. Hydrological Processes, 23(18), 2584-2599. https://doi.org/10.1002/hyp.7346

Deems, J. S., Painter, T. H., & Finnegan, D. C. (2013). Lidar measurement of snow depth: a review. Journal of
Glaciology, 59(215), 467-479.

DeWalle, D. R., Henderson, Z., & Rango, A. (2002). Spatial and temporal variations in snowmelt degree-day factors
computed from SNOTEL data in the Upper Rio Grande basin. Proceedings of the Western Snow
Conference,

Dornes, P. F., Pomeroy, J. W., Pietroniro, A., Carey, S. K., & Quinton, W. L. (2008). Influence of landscape
aggregation in modelling snow-cover ablation and snowmelt runoff in a sub-arctic mountainous
environment. Hydrological Sciences Journal, 53(4), 725-740. https://doi.org/10.1623/hysj.53.4.725

Downing, D. J., & Pettapiece, W. W. (2006). Natural Regions Committee 2006. Natural Regions and Subregions of
Alberta In. Edmonton, AB: Government of Alberta. Pub. No. T/852. .

ESRI. (2020). ArcGIS Pro Forest-based Classification and Regression (Spatial Statistics). In Copyright © 1995-
2020 Esri. https://pro.arcgis.com/en/pro-app/latest/tool-reference/spatial-
statistics/forestbasedclassificationregression.htm

Essery, R., Li, L., & Pomeroy, J. (1999). A distributed model of blowing snow over complex terrain. Hydrological
Processes, 13(1415), 2423-2438.

Garvelmann, J., Pohl, S., & Weiler, M. (2014). Variability of Observed Energy Fluxes during Rain-on-Snow and
Clear Sky Snowmelt in a Midlatitude Mountain Environment. Journal of Hydrometeorology, 15(3), 1220-
1237. https://doi.org/10.1175/jhm-d-13-0187.1

Government of Alberta. (2015). History and Description of the Castle River Range Reference Area. In (pp. 44).
Edmonton, AB: Government of Alberta.

Griinewald, T., Schirmer, M., Mott, R., & Lehning, M. (2010). Spatial and temporal variability of snow depth and
SWE in a small mountain catchment. The Cryosphere, 4(ARTICLE), 215-225.

Hedstrom, N. R., & Pomeroy, J. W. (1998). Measurements and modelling of snow interception in the boreal forest.
Hydrological Processes, 12(10-11), 1611-1625.
http://www.usask.ca/hydrology/papers/Hedstrom Pomeroy 1998.pdf

Hill, D. F., Burakowski, E. A., Crumley, R. L., Keon, J., Hu, J. M., Arendt, A. A., Wikstrom Jones, K., & Wolken,
G. J. (2019). Converting snow depth to snow water equivalent using climatological variables. The
Cryosphere, 13(7), 1767-1784. https://doi.org/10.5194/tc-13-1767-2019

Hopkinson, C., Collins, T., Anderson, A., Pomeroy, J., & Spooner, I. (2012). Spatial Snow Depth Assessment Using
LiDAR Transect Samples and Public GIS Data Layers in the Elbow River Watershed, Alberta. Canadian
Water Resources Journal / Revue canadienne des ressources hydriques, 37(2), 69-87.
https://doi.org/10.4296/cwrj3702893

Isenburg, M. (2022). Efficient LIDAR Processing Software (Corporate License). In rapidlasso, (c) 2007-2022
info@rapidlasso.de - https://rapidlasso.de.

Judson, A., & Doesken, N. (2000). Density of Freshly Fallen Snow in the Central Rocky Mountains. Bulletin of the
American Meteorological Society, 81(7), 1577-1588. https://doi.org/10.1175/1520-
0477(2000)081<1577:Doffsi>2.3.Co;2

168


https://doi.org/10.1002/hyp.7346
https://doi.org/10.1623/hysj.53.4.725
https://pro.arcgis.com/en/pro-app/latest/tool-reference/spatial-statistics/forestbasedclassificationregression.htm
https://pro.arcgis.com/en/pro-app/latest/tool-reference/spatial-statistics/forestbasedclassificationregression.htm
https://doi.org/10.1175/jhm-d-13-0187.1
http://www.usask.ca/hydrology/papers/Hedstrom_Pomeroy_1998.pdf
https://doi.org/10.5194/tc-13-1767-2019
https://doi.org/10.4296/cwrj3702893
https://rapidlasso.de/
https://doi.org/10.1175/1520-0477(2000)081
https://doi.org/10.1175/1520-0477(2000)081

Kang, D. H., & Barros, A. P. (2011). Full-System Testing in Laboratory Conditions of an L-Band Snow Sensor
System for In Situ Monitoring of Snow-Water Content. IEEE Transactions on Geoscience and Remote
Sensing, 49(3), 908-919. https://doi.org/10.1109/TGRS.2010.2072786

Kershaw, R. (2008). Exploring the Castle: discovering the backbone of the world in southern Alberta. Rocky
Mountain Books.
http://uleth.summon.serialssolutions.com/2.0.0/link/0/eLvHCXMwdV25DsIwDLUQLEgMQLkPZWKjSk
PbtHOh8AFdOqHOQpIKFBRj4e-y2nBJiFMmKpch-vp4BVsL myx-bILiX-aFxuHYwKPLCPCA_LbmrhDJ-
OfCIFXEapDuSfvil Yih9ul3sG6opw_KIM8hClk-VtoHnIRImf2EkxIBSKBBQIUyo2p-
dZEGs1SflwHnEb6jRQ0IGaOXehV Jy3NmCEemrKhbr3i2wXs1wDCEZixSVX3swjzdJtFsWQvdVgmX

fFgg-tBS1KJ-
vhajbHolzD9QzUtnuXQyVIPiIRmMS8Y 5w8cF2p5WoEgz Sxn9vJtAsGxgoJzCFRo5 1swgXR8OEWen

Kinar, N. J., & Pomeroy, J. W. (2015). Measurement of the physical properties of the snowpack. Reviews of
Geophysics, 53(2), 481-544. https://doi.org/10.1002/2015SRG000481

Kostadinov, T. S., Schumer, R., Hausner, M., Bormann, K. J., Gaffney, R., McGwire, K., Painter, T. H., Tyler, S., &
Harpold, A. A. (2019). Watershed-scale mapping of fractional snow cover under conifer forest canopy
using lidar. Remote Sensing of Environment, 222, 34-49. https://doi.org/10.1016/j.rse.2018.11.037

Loffler, J. (2005). Snow cover dynamics, soil moisture variability and vegetation ecology in high mountain
catchments of central Norway. Hydrological Processes, 19(12), 2385-2405.
https://doi.org/10.1002/hyp.5891

Loépez-Moreno, J. 1., Fassnacht, S. R., Heath, J. T., Musselman, K. N., Revuelto, J., Latron, J., Moran-Tejeda, E., &
Jonas, T. (2013). Small scale spatial variability of snow density and depth over complex alpine terrain:
Implications for estimating snow water equivalent. Advances in water resources, 55, 40-52.
https://doi.org/https://doi.org/10.1016/j.advwatres.2012.08.010

McCaffrey, D., & Hopkinson, C. (2020). Repeat Oblique Photography Shows Terrain and Fire-Exposure Controls
on Century-Scale Canopy Cover Change in the Alpine Treeline Ecotone. Remote Sensing, 12(10), 1569.
https://www.mdpi.com/2072-4292/12/10/1569

Mizukami, N., & Perica, S. (2008). Spatiotemporal Characteristics of Snowpack Density in the Mountainous
Regions of the Western United States. Journal of Hydrometeorology, 9(6), 1416-1426.
https://doi.org/10.1175/2008jhm981.1

Mott, R., Vionnet, V., & Griinewald, T. (2018). The Seasonal Snow Cover Dynamics: Review on Wind-Driven
Coupling Processes [Review]. Frontiers in Earth Science, 6(197). https://doi.org/10.3389/feart.2018.00197

Naderpour, R., Schwank, M., & Mitzler, C. (2017). Davos-Laret Remote Sensing Field Laboratory: 2016/2017
Winter Season L-Band Measurements Data-Processing and Analysis. Remote Sensing, 9(11), 1185.
http://www.mdpi.com/2072-4292/9/11/1185

Newton, B. W, Farjad, B., & Orwin, J. F. (2021). Spatial and Temporal Shifts in Historic and Future Temperature
and Precipitation Patterns Related to Snow Accumulation and Melt Regimes in Alberta, Canada. Water,
13(8), 1013. https://www.mdpi.com/2073-4441/13/8/1013

Nitu, R. (2010). CIMO Survey on National Summaries of Methods and Instruments for Solid Precipitation
Measurement at Automatic Weather Stations, IOM 102, TD1544.

Oldman Watershed Council. (2014). Oldman Integrated Watershed Management Plan Headwaters Action Plan
2013-13 Final. In (pp. 64). Lethbridge, AB: Oldman Watershed Council.

169


https://doi.org/10.1109/TGRS.2010.2072786
http://uleth.summon.serialssolutions.com/2.0.0/link/0/eLvHCXMwdV25DsIwDLUQLEgMQLkPZWKjSkPbtHOh8AFdOqHQpIKFBRj4e-y2nBJjFMmKpch-vp4BVsLmyx-bILiX-aFxuHYwKPLCPCA_LbmrhDJ-OfC9FXEapDu5fvfLYih9ul3sG6pw_KJM8hClk-VtoHnlRJmf2EkxIB5KBBQIUyo2p-dZEGs1SflwHnEb6jRQ0IGaOXehV_Jy3NmCEemrKhbr3i2wXs1wDCEZixSVX3swjzdJtFsWQvdVqmX_fFgg-tBS1KJ-vhajbHoIzD9QzUtnuXQyV9PiRmM8Y5w8cF2p5WoEgz_Sxn9vJtAsGxgoJzCFRo5_1swqXR8OEWen
http://uleth.summon.serialssolutions.com/2.0.0/link/0/eLvHCXMwdV25DsIwDLUQLEgMQLkPZWKjSkPbtHOh8AFdOqHQpIKFBRj4e-y2nBJjFMmKpch-vp4BVsLmyx-bILiX-aFxuHYwKPLCPCA_LbmrhDJ-OfC9FXEapDu5fvfLYih9ul3sG6pw_KJM8hClk-VtoHnlRJmf2EkxIB5KBBQIUyo2p-dZEGs1SflwHnEb6jRQ0IGaOXehV_Jy3NmCEemrKhbr3i2wXs1wDCEZixSVX3swjzdJtFsWQvdVqmX_fFgg-tBS1KJ-vhajbHoIzD9QzUtnuXQyV9PiRmM8Y5w8cF2p5WoEgz_Sxn9vJtAsGxgoJzCFRo5_1swqXR8OEWen
http://uleth.summon.serialssolutions.com/2.0.0/link/0/eLvHCXMwdV25DsIwDLUQLEgMQLkPZWKjSkPbtHOh8AFdOqHQpIKFBRj4e-y2nBJjFMmKpch-vp4BVsLmyx-bILiX-aFxuHYwKPLCPCA_LbmrhDJ-OfC9FXEapDu5fvfLYih9ul3sG6pw_KJM8hClk-VtoHnlRJmf2EkxIB5KBBQIUyo2p-dZEGs1SflwHnEb6jRQ0IGaOXehV_Jy3NmCEemrKhbr3i2wXs1wDCEZixSVX3swjzdJtFsWQvdVqmX_fFgg-tBS1KJ-vhajbHoIzD9QzUtnuXQyV9PiRmM8Y5w8cF2p5WoEgz_Sxn9vJtAsGxgoJzCFRo5_1swqXR8OEWen
http://uleth.summon.serialssolutions.com/2.0.0/link/0/eLvHCXMwdV25DsIwDLUQLEgMQLkPZWKjSkPbtHOh8AFdOqHQpIKFBRj4e-y2nBJjFMmKpch-vp4BVsLmyx-bILiX-aFxuHYwKPLCPCA_LbmrhDJ-OfC9FXEapDu5fvfLYih9ul3sG6pw_KJM8hClk-VtoHnlRJmf2EkxIB5KBBQIUyo2p-dZEGs1SflwHnEb6jRQ0IGaOXehV_Jy3NmCEemrKhbr3i2wXs1wDCEZixSVX3swjzdJtFsWQvdVqmX_fFgg-tBS1KJ-vhajbHoIzD9QzUtnuXQyV9PiRmM8Y5w8cF2p5WoEgz_Sxn9vJtAsGxgoJzCFRo5_1swqXR8OEWen
http://uleth.summon.serialssolutions.com/2.0.0/link/0/eLvHCXMwdV25DsIwDLUQLEgMQLkPZWKjSkPbtHOh8AFdOqHQpIKFBRj4e-y2nBJjFMmKpch-vp4BVsLmyx-bILiX-aFxuHYwKPLCPCA_LbmrhDJ-OfC9FXEapDu5fvfLYih9ul3sG6pw_KJM8hClk-VtoHnlRJmf2EkxIB5KBBQIUyo2p-dZEGs1SflwHnEb6jRQ0IGaOXehV_Jy3NmCEemrKhbr3i2wXs1wDCEZixSVX3swjzdJtFsWQvdVqmX_fFgg-tBS1KJ-vhajbHoIzD9QzUtnuXQyV9PiRmM8Y5w8cF2p5WoEgz_Sxn9vJtAsGxgoJzCFRo5_1swqXR8OEWen
http://uleth.summon.serialssolutions.com/2.0.0/link/0/eLvHCXMwdV25DsIwDLUQLEgMQLkPZWKjSkPbtHOh8AFdOqHQpIKFBRj4e-y2nBJjFMmKpch-vp4BVsLmyx-bILiX-aFxuHYwKPLCPCA_LbmrhDJ-OfC9FXEapDu5fvfLYih9ul3sG6pw_KJM8hClk-VtoHnlRJmf2EkxIB5KBBQIUyo2p-dZEGs1SflwHnEb6jRQ0IGaOXehV_Jy3NmCEemrKhbr3i2wXs1wDCEZixSVX3swjzdJtFsWQvdVqmX_fFgg-tBS1KJ-vhajbHoIzD9QzUtnuXQyV9PiRmM8Y5w8cF2p5WoEgz_Sxn9vJtAsGxgoJzCFRo5_1swqXR8OEWen
https://doi.org/10.1002/2015RG000481
https://doi.org/10.1016/j.rse.2018.11.037
https://doi.org/10.1002/hyp.5891
https://doi.org/https:/doi.org/10.1016/j.advwatres.2012.08.010
https://www.mdpi.com/2072-4292/12/10/1569
https://doi.org/10.1175/2008jhm981.1
https://doi.org/10.3389/feart.2018.00197
http://www.mdpi.com/2072-4292/9/11/1185
https://www.mdpi.com/2073-4441/13/8/1013

Onuchin, A. A., & Burenina, T. A. (1996). Climatic and Geographic Patterns in Snow Density Dynamics, Northern
Eurasia. Arctic and Alpine Research, 28(1), 99-103. https://doi.org/10.1080/00040851.1996.12003153

Painter, T. H., Berisford, D. F., Boardman, J. W., Bormann, K. J., Deems, J. S., Gehrke, F., Hedrick, A., Joyce, M.,
Laidlaw, R., Marks, D., Mattmann, C., McGurk, B., Ramirez, P., Richardson, M., Skiles, S. M., Seidel, F.
C., & Winstral, A. (2016). The Airborne Snow Observatory: Fusion of scanning lidar, imaging
spectrometer, and physically-based modeling for mapping snow water equivalent and snow albedo. Remote
Sensing of Environment, 184, 139-152. https://doi.org/https://doi.org/10.1016/j.rse.2016.06.018

Parajuli, A., Nadeau, D. F., Anctil, F., Parent, A.-C., Bouchard, B., Girard, M., & Jutras, S. (2020). Exploring the
spatiotemporal variability of the snow water equivalent in a small boreal forest catchment through
observation and modelling. Hydrological Processes, 34(11), 2628-2644.
https://doi.org/https://doi.org/10.1002/hyp.13756

Pedlar, J. (2018). Protocols for the Measurement of Snow Water Equivalent with a Snow Pillow. Edmonton, AB:
Alberta Environment and Parks Retrieved from http://environmentalmonitoring.alberta.ca/wp-
content/uploads/2018/07/Protocols-for-the-Measurement-of-Snow-Water-Equivalent-with-Snow-

Pillow.pdf

Pickering, R. (2018). Snow Surveying Field Sampling Protocols. Alberta Environment and Parks.
http://environmentalmonitoring.alberta.ca/resources/standards-and-protocols/

Pomeroy, J. W., Gray, D. M., Shook, K. R., Toth, B., Essery, R. L. H., Pietroniro, A., & Hedstrom, N. (1998). An
evaluation of snow accumulation and ablation processes for land surface modelling. Hydrological
Processes, 12(15), 2339-2367. https://doi.org/10.1002/(SICI)1099-1085(199812)12:15<2339::AID-
HYP800>3.0.CO;2-L

Proksch, M., Lowe, H., & Schneebeli, M. (2015). Density, specific surface area, and correlation length of snow
measured by high-resolution penetrometry. Journal of Geophysical Research: Earth Surface, 120(2), 346-
362. https://doi.org/10.1002/2014jf003266

Raleigh, M. S., & Small, E. E. (2017). Snowpack density modeling is the primary source of uncertainty when
mapping basin-wide SWE with lidar. Geophysical Research Letters, 44(8), 3700-3709.
https://doi.org/doi:10.1002/2016GL071999

Riboust, P., Thirel, G., Le Moine, N., & Ribstein, P. (2019). Revisiting a simple degree-day model for integrating
satellite data: implementation of SWE-SCA hystereses. J. Hydrol. Hydromech, 67(1), 70-81.

Seidel, F. C., Rittger, K., Skiles, S. M., Molotch, N. P., & Painter, T. H. (2016). Case study of spatial and temporal
variability of snow cover, grain size, albedo and radiative forcing in the Sierra Nevada and Rocky
Mountain snowpack derived from imaging spectroscopy. The Cryosphere, 10(3).

Shea, J. M., Whitfield, P. H., Fang, X., & Pomeroy, J. (2021). The Role of Basin Geometry in Mountain Snowpack
Responses to Climate Change. Frontiers in Water, 3, 4.

Sturm, M., & Holmgren, J. (1998). Differences in compaction behavior of three climate classes of snow. Annals of
Glaciology, 26, 125-130. https://doi.org/10.3189/1998 A0G26-1-125-130

Sturm, M., Holmgren, J., & Liston, G. E. (1995). A seasonal snow cover classification system for local to global
applications. Journal of Climate, 8(5), 1261-1283.

Sun, N., Yan, H., Wigmosta, M. S., Lundquist, J., Dickerson-Lange, S., & Zhou, T. (2022). Forest Canopy Density
Effects on Snowpack Across the Climate Gradients of the Western United States Mountain Ranges. Water
Resources Research, 58(1), €2020WR029194. https://doi.org/https://doi.org/10.1029/2020WR 029194

170


https://doi.org/10.1080/00040851.1996.12003153
https://doi.org/https:/doi.org/10.1016/j.rse.2016.06.018
https://doi.org/https:/doi.org/10.1002/hyp.13756
http://environmentalmonitoring.alberta.ca/wp-content/uploads/2018/07/Protocols-for-the-Measurement-of-Snow-Water-Equivalent-with-Snow-Pillow.pdf
http://environmentalmonitoring.alberta.ca/wp-content/uploads/2018/07/Protocols-for-the-Measurement-of-Snow-Water-Equivalent-with-Snow-Pillow.pdf
http://environmentalmonitoring.alberta.ca/wp-content/uploads/2018/07/Protocols-for-the-Measurement-of-Snow-Water-Equivalent-with-Snow-Pillow.pdf
http://environmentalmonitoring.alberta.ca/resources/standards-and-protocols/
https://doi.org/10.1002/(SICI)1099-1085(199812)12:15
https://doi.org/10.1002/2014jf003266
https://doi.org/doi:10.1002/2016GL071999
https://doi.org/10.3189/1998AoG26-1-125-130
https://doi.org/https:/doi.org/10.1029/2020WR029194

Thiessen, A. H. (1911). Precipitation Averages for Large Areas. Monthly Weather Review, 39(7), 1082-1089.
https://doi.org/10.1175/1520-0493(1911)39<1082b:PAFLA>2.0.CO;2

Timoney, K. (1998). Environmentally significant areas inventory of the Rocky Mountain natural region of Alberta.
Prepared for: Corporate Management Service, Alberta Environmental Protection, Edmonton, Alberta, 106.

Veatch, W., Brooks, P. D., Gustafson, J. R., & Molotch, N. P. (2009). ‘Quantifying the effects of forest canopy
cover on net snow accumulation at a continental, mid-latitude site’. Ecohydrology, 2(2), 115-128.
https://doi.org/10.1002/eco.45

Verseghy, D. (2009). CLASS—the Canadian Land Surface Scheme (Version 3.4). Environment Canada, Toronto,
Ont.

Vivian, M., Bernt, L., V., H. K., & Robert, L. K. (2007). Predicting snow density using meteorological data.
Meteorological Applications, 14(4), 413-423. https://doi.org/doi:10.1002/met.40

Warren, S. G. (1982). Optical properties of snow. Reviews of Geophysics, 20(1), 67-89.
https://doi.org/doi:10.1029/RG020i001p00067

Winkler, M., Schellander, H., & Gruber, S. (2021). Snow water equivalents exclusively from snow depths and their
temporal changes: the Asnow model. Hydrol. Earth Syst. Sci., 25(3), 1165-1187.
https://doi.org/10.5194/hess-25-1165-2021

Zhu, Z., & Waller, E. (2003). Global forest cover mapping for the United Nations Food and Agriculture
Organization forest resources assessment 2000 program. Forest science, 49(3), 369-380.

171


https://doi.org/10.1175/1520-0493(1911)39
https://doi.org/10.1002/eco.45
https://doi.org/doi:10.1002/met.40
https://doi.org/doi:10.1029/RG020i001p00067
https://doi.org/10.5194/hess-25-1165-2021

7 Conclusion and Recommendations

Headwater SWE estimates are important to aid in water resource and flood hazard
forecasting. Such forecasting relies heavily on in situ observations and models. In this research,
innovations in integrated remote and in situ sensing were evaluated to address the need for
improved headwater snowpack resource assessment. Two over-arching montane water resources
research themes were explored in this thesis: 1) spatial, temporal and elevational precipitation
patterns; and 2) single point in time assessments of spatially-explicit watershed snowpack

conditions.

7.1 Summary

This thesis explored spatiotemporal precipitation patterns in the Alberta southern Eastern
Slopes, and estimated snow water in the West Castle Watershed (WCW). The second chapter
(Barnes & Hopkinson, 2022b) involved the smoothing and quality control process of totalizing
precipitation data collected at one valley and one alpine site located in West Castle and a valley
site in Waterton Lakes National Park. Using the quality controlled cleaned precipitation data, the
third chapter (In Review) explored elevational precipitation gradients and seasonal relationships
between the sites. By understanding the spatiotemporal distribution of precipitation in the
southern Eastern Slopes, this set up the thesis to focus on the winter snowpack monitoring
framework. The balance of the research was conducted in the smaller WCW mesoscale
mountainous region. Chapter 4 (Barnes et al., 2020) tested a non-traditional LED Lidar sensor
during the snow season from initial accumulation to final melt to measure and quantify snow

depth variability at the in-situ spatial scale. The fifth chapter (Barnes & Hopkinson, 2022a)
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developed and assessed two airborne lidar sampling configurations using spatially distributed
drivers of snow depth over WCW. A forest-based regression model was used to predict snow
depth for the balance of the “wall-to-wall” watershed. The sixth chapter tested the development
of spatially distributed snow density models combined with “wall-to-wall” lidar sampled snow

depth models to generate snow water estimates for the West Castle Watershed.

7.2 Implications and outcomes

Standard lidar post-processing techniques for ground classification can be challenging in
mountain regions due to terrain features that have abrupt changes in elevation such as rocky
outcrops, cliff faces, naturally occurring overhangs, and cornices. Currently, automated ground
classification and data cleaning processes must be supplemented by manual point cloud
classification to capture the ground surface on these types of features. Snow is highly reflective
in the 1064 nm band and soils are highly reflective in 1550 nm band making points sampled in
these channels easier to identify and move into the ground class. However, when winter snow
covered flights occur with high winds, blowing snow can result in additional noise points to be
classified as vegetation. This is not a big problem since only the ground class is used to create
snow depth models. This manual point cloud classification process can take tens to hundreds of
hours to complete for a single airborne lidar mission. Lidar manufacturers have been working

towards addressing this issue. For example, Teledyne Geospatial (Galaxy Onboard | Teledyne

Geospatial (teledyneoptech.com)) has developed a system that completes “real-time”

classification and lidar point cloud processing while performing survey operations and data

collection. However, this technology is not necessarily accessible by all sectors who use airborne
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lidar systems. There is a need to examine efficiencies to improve the amount of time required to
perform lidar point cloud classification and data quality assurance.

Airborne lidar is an effective method to survey and sample snow depth at the mesoscale.
In chapter 5, airborne lidar snow depth sampling configuration tests suggested that systematic
transect sampling (T3) performed better than a Least Cost Path (LCP) optimised sampling path
for wall-to-wall watershed snow depth imputation. The T3 path configuration followed a largely
expert selection process with constraints on line spacing and orientation. The resulting top two
snow depth prediction variables were the physically-based drivers of elevation then forest
canopy cover. The LCP configuration was a semi-automated technique where start and end were
user-defined and the optimal path smoothened following aircraft trajectory constraints. The best
two LCP snow depth predictors were latitude and longitude, or systematic spatial variations, as
opposed to grid-cell based physical attributes. A combination of both configurations appears to
maximize snow depth variability sampling and model output accuracy. A completely automated
selection technique is required to create these flight paths.

When hydrological models use data from a single or small number of measurement sites
for precipitation distribution, the true variability across a watershed may not be represented or
simulated. There is high spatiotemporal variability of precipitation, especially in mountainous
regions (Thiessen, 1911). Single point locations are insufficient to characterize the spatial and
temporal distributions of precipitation depths over valley to alpine elevation ranges. In chapter 3,
mean annual precipitation for the alpine site was 1262 mm whereas the valley site located 3.5 km
north recorded mean annual precipitation of 899 mm. A seasonality component was identified
where 80% higher precipitation depths were recorded in the alpine during the winter months and

70% lower depths in the summer months. This seasonality changes the elevational precipitation
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gradients through the year. Depending on the timing within a hydrologic model, single
elevational precipitation gradients will underestimate precipitation depths in the alpine during
winter months and overestimate precipitation in the summer months. Hydrologic models may not
perform well especially for watersheds containing a higher proportion of alpine areas (Shea et
al., 2021), as seasonal discrepancies in precipitation will likely propagate into seasonal
discrepancies in simulated runoff or model calibration errors.

This thesis focused on quantifying snow water yield estimates for the West Castle
watershed that is approximately 100 km?. In WCW, the most productive elevations of snow
water equivalent were found at near treeline elevations between 1900 masl to 2200 masl.
However, AEP field snow sampling sites (used to constrain snow density models) are generally
at valley to mid-mountain elevations and not in the upper treeline to alpine zone due to logistical
access challenges, cost of installation and maintenance, and equipment failure caused by strong

winds.

7.3 Recommendations and Next Steps

There is an opportunity to use this snow monitoring framework to complement mountain
headwater supply and flood forecast monitoring. In chapter 6, there are six “single point in time”
data modelling estimates that can be used to compare to past governmental monitoring and
hydrological modelling scenarios. To calibrate hydrological models, a recommendation is to
implement seasonal and spatially variable elevational precipitation gradients for water resource
estimation. There is also a need for additional observation data to explore the underlying physics
associated with the enhancement (or otherwise) and seasonality patterns of precipitation depths

in the alpine.
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Opportunities to improve and better quantify precipitation and snowpack across the AEP
network could be explored. For example, one suggestion is to compare watershed SWE totals
using the lidar-based SWE modeling framework to nearby in situ AEP site measurements for the
same timeframes to see if the spatial and in situ SWE estimates co-vary. If the data do not co-
vary, then single point AEP monitoring sites may be weak proxies of regional water yields. New
or shifted monitoring sites might better represent regional yields but with hydro-climatological
trends deviating from long-term historical norms, it is believed the existing monitoring
frameworks need to be supplemented with new spatially-explicit sampling and prediction
modelling workflows, as has been demonstrated in this thesis.

The next step in this research is to scale the framework up to the Alberta Eastern Slopes
(an area greater than 50,000 km?). In chapter 5, the data required to predict wall-to-wall snow
depth using the selective lidar flight line snow depth sampling was extracted from a digital
elevation model and digital surface model. In chapter 6, the snow density model was created
using the long-term Government of Alberta Environment and Protected Areas monthly snow
sampling field data that were in close proximity to WCW and were near valley and treeline
elevations. All spatial data was aggregated to a 30 m resolution to align with publicly available
DEM and satellite land cover data products such as ASTER DEM or Landsat. To upscale and
adapt this framework for the Eastern Slopes, data sources need to be identified to replace the
DSM (required to extract the landcover that is used for snow depth prediction).

With finite resources, funding, expertise, and time, wall-to-wall lidar snow depth
mapping is impractical over very large areas where missions can take days to complete while
snow conditions continue to vary. Cost reduction and the desire to sample larger spatial extents

such as the entire Alberta Eastern Slopes drives the need to improve optimal flight path selection.
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WCW has a long, narrow, North/South orientation with most of the area below alpine elevations.
Wall-to-wall prediction using reduced lidar snow depth sampling did not adequately represent
shallow and scoured snowpacks in the alpine. An analysis needs be completed to examine the
sensitivity and attributes of watersheds with different landcovers, orientations, and mountain
geometry to identify where model improvements can be made. A recommendation for the next
steps in flight path sample design is to use a deep learning approach to test 1000s of flight path
iterations over the greatest number of snow depth drivers while also observing flight
configuration safety and flying constraints such as: a) the plane needs to fly a line that minimizes
turns and deviations; and b) terrain-following paths must avoid abrupt changes in terrain
elevation. Ground classification improvements are also needed to speed up data processing and
improve accuracy given the current process of manual terrain and snow surface cleaning could

constitute a bottleneck within a public sector water resource monitoring and forecasting program.
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8 Appendix A: WCW Snow Depth Distribution

as a percentage of the watershed total for 100 m elevation bins for each lidar flight.

Feb 2014 Lidar flight snow depth per elevation bin (masl)

Snow 1390- 1500- 1600- 1700- 1800- 1900- 2000- 2100- 2200 - 2300- 2400- 2500 - Total
Depth (m) 1500 1600 1700 1800 1900 2000 2100 2200 2300 2400 2500 2630 (%)
0.0-0.2 0.05% 0.02% 0.06% 0.10% 0.13% 0.19% 0.25% 0.28% 0.26% 0.30% 0.06% 0.01% 1.72%
0.2-04 0.38% 0.03% 0.05% 0.09% 0.14% 0.35% 0.41% 0.42% 0.53% 0.51% 0.19% 0.07% 3.16%
0.4-06 1.63% 0.26% 0.16% 0.15% 0.23% 0.39% 0.45% 0.54% 0.56% 0.36% 0.15% 0.03% 4.90%
0.6-08 2.78% 1.21% 0.55% 0.33% 0.26% 0.39% 0.38% 0.48% 0.42% 0.24% 0.08% 0.02% 7.13%
0.8-10 299% 293% 1.12% 0.63% 0.39% 0.39% 0.40% 0.41% 0.32% 0.19% 0.04% 0.01% 9.83%
1.0-1.2 2.01% 3.23% 2.14% 0.90% 0.70% 0.45% 0.39% 0.40% 0.35% 0.17% 0.04% 0.01% 10.79%
1.2-14 0.75% 1.99% 2.76% 1.50% 0.98% 0.85% 0.46% 0.44% 0.31% 0.15% 0.03% 0.01% 10.24%
14-16 0.24% 0.87% 1.90% 2.05% 143% 1.28% 0.72% 0.46% 0.30% 0.14% 0.03% 0.01% 9.44%
16-1.8 0.06% 0.47% 1.00% 2.00% 1.62% 1.53% 1.11% 0.67% 0.35% 0.15% 0.04% 0.01% 9.01%
1.8-2.0 0.01% 0.27% 0.66% 131% 1.28% 1.41% 1.24% 0.86% 0.47% 0.14% 0.03% 0.00% 7.69%
20-2.2 0.01% 0.11% 0.44% 0.94% 1.03% 1.32% 1.01% 0.74% 0.42% 0.18% 0.02% 0.00% 6.22%
2.2-24 0.00% 0.05% 0.24% 0.62% 0.88% 0.87% 1.00% 0.65% 0.41% 0.14% 0.02% 0.01% 4.88%
24-26 0.00% 0.02% 0.12% 0.36% 0.67% 0.72% 0.80% 0.49% 0.30% 0.11% 0.01% 0.00% 3.60%
26-28 0.00% 0.02% 0.06% 0.27% 0.50% 0.55% 0.69% 0.41% 0.24% 0.06% 0.02% 0.00% 2.80%
28-3.0 0.00% 0.01% 0.03% 0.19% 0.36% 0.50% 0.50% 0.38% 0.18% 0.06% 0.02% 0.00% 2.21%
3.0-3.2 0.00% 0.01% 0.02% 0.12% 0.28% 0.34% 0.43% 0.23% 0.12% 0.03% 0.01% 0.00% 1.59%
3.2-3.4 0.00% 0.00% 0.01% 0.08% 0.22% 0.24% 0.27% 0.18% 0.07% 0.04% 0.01% 0.00% 1.12%
34-36 0.00% 0.00% 0.00% 0.05% 0.15% 0.20% 0.20% 0.13% 0.07% 0.03% 0.01% 0.00% 0.83%
3.6-3.8 0.00% 0.00% 0.00% 0.04% 0.13% 0.13% 0.14% 0.07% 0.04% 0.03% 0.01% 0.00% 0.59%
3.8-4.0 0.00% 0.00% 0.00% 0.03% 0.08% 0.10% 0.10% 0.06% 0.03% 0.02% 0.01% 0.00% 0.43%
4.0-4.2 0.00% 0.00% 0.00% 0.02% 0.08% 0.08% 0.08% 0.04% 0.03% 0.01% 0.00% 0.00% 0.34%
4.2-44 0.00% 0.00% 0.00% 0.01% 0.04% 0.06% 0.05% 0.04% 0.02% 0.02% 0.01% 0.00% 0.25%
44-46 0.00% 0.00% 0.00% 0.01% 0.04% 0.04% 0.05% 0.03% 0.02% 0.02% 0.00% 0.00% 0.21%
4.6-48 0.00% 0.00% 0.00% 0.00% 0.02% 0.05% 0.03% 0.03% 0.02% 0.02% 0.00% 0.00% 0.17%
48-5.0 0.00% 0.00% 0.00% 0.00% 0.01% 0.03% 0.03% 0.03% 0.02% 0.01% 0.00% 0.00% 0.13%
5.0-5.2 0.00% 0.00% 0.00% 0.00% 0.01% 0.03% 0.03% 0.02% 0.00% 0.01% 0.00% 0.00% 0.11%
52-54 0.00% 0.00% 0.00% 0.00% 0.02% 0.02% 0.02% 0.02% 0.01% 0.00% 0.00% 0.00% 0.09%
54-56 0.00% 0.00% 0.00% 0.00% 0.01% 0.02% 0.02% 0.02% 0.00% 0.00% 0.00% 0.00% 0.08%
5.6-58 0.00% 0.00% 0.00% 0.00% 0.01% 0.02% 0.01% 0.01% 0.00% 0.00% 0.00% 0.00% 0.06%
>5.8 0.00% 0.00% 0.00% 0.00% 0.05% 0.12% 0.08% 0.09% 0.03% 0.01% 0.00% 0.00% 0.38%
Total (%) 10.91% 11.48% 11.34% 11.79% 11.74% 12.67% 11.34% 8.62% 5.88% 3.14% 0.85% 0.23% 100.00%
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Apr 2018 Lidar flight snow depth per elevation bin (masl)

Snow 1390 - 1500— 1600— 1700— 1800— 1900— 2000— 2100— 2200 — 2300 — 2400 — 2500 — Total
Depth (m) 1500 1600 1700 1800 1900 2000 2100 2200 2300 2400 2500 2630 (%)
0.0-0.2 0.08% 0.02% 0.05% 0.09% 0.09% 0.13% 0.17% 0.19% 0.18% 0.26% 0.04% 0.00% 1.31%
0.2-04 0.20% 0.02% 0.04% 0.07% 0.10% 0.15% 0.16% 0.21% 0.27% 0.33% 0.13% 0.03% 1.71%
0.4-0.6 0.67% 0.05% 0.05% 0.08% 0.13% 0.22% 0.23% 0.24% 0.26% 0.25% 0.10% 0.04% 2.34%
0.6-0.8 270% 0.50% 0.16% 0.11% 0.15% 0.23% 0.26% 0.26% 0.34% 0.19% 0.08% 0.02% 5.02%
0.8-1.0 3.04% 139% 0.56% 0.20% 0.19% 0.28% 0.27% 0.34% 0.30% 0.16% 0.05% 0.02% 6.80%
1.0-12 2.09% 237% 1.12% 0.45% 0.21% 0.27% 0.28% 0.32% 0.27% 0.17% 0.04% 0.01% 7.61%
1.2-14 135% 3.29% 1.60% 0.84% 0.37% 0.31% 0.30% 0.31% 0.24% 0.14% 0.04% 0.01% 8.81%
14-1.6 057% 2.00% 2.16% 133% 0.71% 0.38% 0.32% 0.31% 0.27% 0.13% 0.03% 0.01% 8.20%
1.6-1.8 0.13% 0.95% 2.01% 151% 0.90% 0.64% 0.40% 0.33% 0.27% 0.10% 0.03% 0.01% 7.27%
1.8-2.0 0.04% 0.46% 1.48% 1.45% 1.05% 1.06% 0.52% 0.37% 0.28% 0.11% 0.03% 0.01% 6.85%
2.0-22 0.01% 0.26% 0.92% 1.64% 1.35% 1.26% 0.83% 0.47% 0.26% 0.12% 0.04% 0.01% 7.17%
22-24 001% 0.12% 0.52% 1.24% 1.26% 1.17% 0.85% 0.59% 0.33% 0.11% 0.03% 0.01% 6.24%
24-2.6 000% 0.05% 0.32% 0.85% 0.95% 1.21% 0.96% 0.74% 0.41% 0.13% 0.02% 0.00% 5.65%
2.6-2.8 0.00% 0.02% 0.18% 0.55% 0.77% 1.04% 0.95% 0.68% 0.39% 0.12% 0.02% 0.00% 4.72%
2.8-3.0 0.00% 0.01% 0.07% 0.41% 0.64% 0.78% 0.78% 0.52% 0.33% 0.15% 0.02% 0.01% 3.72%
3.0-32 0.00% 0.00% 0.05% 0.28% 0.53% 0.58% 0.67% 0.42% 0.30% 0.14% 0.01% 0.01% 2.98%
32-34 0.00% 0.00% 0.02% 0.18% 0.43% 0.51% 0.60% 0.39% 0.26% 0.08% 0.02% 0.00% 2.50%
34-36 0.00% 0.00% 0.02% 0.14% 0.39% 0.43% 0.52% 0.35% 0.19% 0.05% 0.02% 0.00% 2.12%
3.6-3.8 0.00% 0.00% 0.01% 0.10% 0.29% 0.36% 0.45% 0.28% 0.13% 0.04% 0.01% 0.00% 1.68%
3.8-4.0 0.00% 0.00% 0.01% 0.08% 0.23% 0.31% 0.34% 0.21% 0.12% 0.03% 0.01% 0.00% 1.34%
40-42 0.00% 0.00% 0.01% 0.06% 0.17% 0.23% 0.26% 0.16% 0.08% 0.03% 0.01% 0.00% 1.00%
42-44 0.00% 0.00% 0.01% 0.04% 0.16% 0.17% 0.25% 0.14% 0.06% 0.03% 0.01% 0.00% 0.86%
44-46 0.00% 0.00% 0.00% 0.03% 0.11% 0.14% 0.16% 0.10% 0.05% 0.02% 0.00% 0.00% 0.62%
46-48 0.00% 0.00% 0.00% 0.03% 0.09% 0.11% 0.15% 0.08% 0.05% 0.04% 0.01% 0.00% 0.55%
48-50 0.00% 0.00% 0.00% 0.01% 0.07% 0.09% 0.10% 0.06% 0.03% 0.01% 0.01% 0.00% 0.37%
5.0-52 0.00% 0.00% 0.00% 0.01% 0.06% 0.07% 0.07% 0.06% 0.03% 0.02% 0.00% 0.00% 0.33%
52-54 0.00% 0.00% 0.00% 0.01% 0.06% 0.07% 0.07% 0.04% 0.03% 0.02% 0.01% 0.00% 0.29%
54-56 0.00% 0.00% 0.00% 0.01% 0.04% 0.06% 0.05% 0.03% 0.02% 0.02% 0.00% 0.00% 0.24%
5.6-58 0.00% 0.00% 0.00% 0.00% 0.04% 0.05% 0.05% 0.03% 0.01% 0.01% 0.00% 0.00% 0.21%
>5.8 0.00% 0.00% 0.00% 0.02% 0.18% 0.40% 0.34% 0.33% 0.12% 0.08% 0.03% 0.01% 1.51%
Total (% ) 10.90% 11.51% 11.36% 11.80% 11.69% 12.72% 11.35% 8.58% 5.88% 3.11% 0.86% 0.23% 100.00%
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Mar 2020 Lidar flight snow depth per elevation bin (masl)

Snow 1390 - 1500— 1600— 1700— 1800— 1900— 2000— 2100— 2200 — 2300 — 2400 — 2500 — Total
Depth (m) 1500 1600 1700 1800 1900 2000 2100 2200 2300 2400 2500 2630 (%)
0.0-0.2 0.86% 0.05% 0.08% 0.12% 0.23% 0.43% 0.51% 0.46% 0.39% 0.49% 0.14% 0.02% 3.78%
02-04 3.05% 0.56% 0.17% 0.14% 0.18% 0.35% 0.42% 0.57% 0.53% 0.40% 0.15% 0.05% 6.58%
04-0.6 3.25% 2.27% 0.78% 0.22% 0.25% 0.33% 0.41% 0.55% 0.50% 0.36% 0.13% 0.04% 9.10%
0.6-0.8 2.44% 3.72% 1.70% 0.64% 0.26% 0.36% 0.33% 0.42% 0.45% 0.26% 0.09% 0.04% 10.71%
0.8-1.0 0.99% 2.59% 2.70% 1.09% 0.38% 0.36% 0.35% 0.40% 0.37% 0.22% 0.06% 0.02% 9.52%
1.0-12 0.22% 130% 2.44% 1.82% 0.63% 0.37% 0.35% 0.42% 0.35% 0.19% 0.04% 0.02% 8.13%
1.2-14 0.03% 0.62% 1.36% 2.14% 1.24% 0.61% 0.39% 0.39% 0.33% 0.14% 0.04% 0.01% 7.29%
14-1.6 0.01% 0.22% 0.84% 1.72% 1.78% 1.41% 0.55% 0.43% 0.32% 0.15% 0.05% 0.01% 7.49%
1.6-1.8 0.00% 0.08% 0.51% 1.01% 1.46% 1.83% 0.96% 0.44% 0.32% 0.11% 0.04% 0.00% 6.76%
1.8-2.0 0.00% 0.03% 0.31% 0.85% 0.97% 1.47% 1.28% 0.72% 0.36% 0.12% 0.04% 0.01% 6.14%
2.0-22 0.00% 0.01% 0.17% 0.67% 0.82% 1.02% 1.11% 0.84% 0.46% 0.10% 0.03% 0.00% 5.23%
22-24 000% 0.01% 0.09% 0.43% 0.67% 0.84% 0.92% 0.65% 0.36% 0.13% 0.02% 0.01% 4.13%
24-2.6 0.00% 0.00% 0.07% 0.24% 0.62% 0.64% 0.70% 0.46% 0.28% 0.13% 0.02% 0.00% 3.17%
2.6-2.8 0.00% 0.01% 0.03% 0.17% 0.47% 0.54% 0.63% 0.37% 0.20% 0.09% 0.02% 0.00% 2.53%
2.8-3.0 0.00% 0.00% 0.02% 0.15% 0.37% 0.43% 0.55% 0.32% 0.18% 0.06% 0.01% 0.00% 2.09%
3.0-32 0.00% 0.00% 0.01% 0.10% 0.29% 0.33% 0.42% 0.23% 0.12% 0.05% 0.01% 0.00% 1.56%
32-34 0.00% 0.00% 0.01% 0.07% 0.20% 0.24% 0.29% 0.16% 0.08% 0.03% 0.01% 0.00% 1.09%
34-36 0.00% 0.00% 0.01% 0.06% 0.15% 0.18% 0.25% 0.12% 0.05% 0.03% 0.01% 0.00% 0.85%
3.6-3.8 0.00% 0.00% 0.01% 0.03% 0.12% 0.16% 0.17% 0.10% 0.05% 0.03% 0.01% 0.00% 0.68%
3.8-4.0 0.00% 0.00% 0.00% 0.02% 0.11% 0.13% 0.15% 0.09% 0.05% 0.01% 0.01% 0.00% 0.57%
40-42 0.00% 0.00% 0.00% 0.02% 0.06% 0.10% 0.10% 0.05% 0.03% 0.02% 0.00% 0.00% 0.40%
42-44 0.00% 0.00% 0.00% 0.01% 0.06% 0.07% 0.07% 0.05% 0.03% 0.03% 0.01% 0.00% 0.32%
44-46 0.00% 0.00% 0.00% 0.02% 0.04% 0.06% 0.07% 0.05% 0.03% 0.02% 0.00% 0.00% 0.29%
46-48 0.00% 0.00% 0.00% 0.01% 0.04% 0.06% 0.05% 0.04% 0.02% 0.01% 0.00% 0.00% 0.23%
48-50 0.00% 0.00% 0.00% 0.01% 0.04% 0.05% 0.04% 0.03% 0.01% 0.01% 0.00% 0.00% 0.20%
5.0-52 0.00% 0.00% 0.00% 0.01% 0.03% 0.04% 0.04% 0.03% 0.01% 0.01% 0.00% 0.00% 0.18%
52-54 0.00% 0.00% 0.00% 0.01% 0.04% 0.03% 0.04% 0.03% 0.02% 0.01% 0.00% 0.00% 0.18%
54-56 0.00% 0.00% 0.00% 0.00% 0.02% 0.03% 0.02% 0.02% 0.01% 0.01% 0.00% 0.00% 0.12%
5.6-58 0.00% 0.00% 0.00% 0.00% 0.02% 0.02% 0.03% 0.02% 0.01% 0.00% 0.00% 0.00% 0.11%
>5.8 0.00% 0.00% 0.00% 0.01% 0.08% 0.19% 0.11% 0.12% 0.03% 0.02% 0.00% 0.00% 0.56%
Total (% ) 10.86% 11.47% 11.31% 11.77% 11.65% 12.66% 11.32% 8.60% 5.95% 3.23% 0.93% 0.25% 100.00%
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Jan 2021 Lidar flight snow depth per elevation bin (masl)

Snow 1390 - 1500— 1600— 1700— 1800— 1900— 2000— 2100— 2200 — 2300 — 2400 — 2500 — Total
Depth (m) 1500 1600 1700 1800 1900 2000 2100 2200 2300 2400 2500 2630 (%)
0.0-0.2 0.01% 0.00% 0.00% 0.01% 0.00% 0.00% 0.01% 0.02% 0.00% 0.00% 0.00% 0.00% 0.05%
0.2-0.4 0.00% 0.00% 0.00% 0.00% 0.01% 0.02% 0.03% 0.05% 0.01% 0.00% 0.00% 0.00% 0.12%
0.4-0.6 0.03% 0.01% 0.08% 0.12% 0.22% 0.42% 0.49% 0.48% 0.35% 0.23% 0.05% 0.02% 2.50%
0.6-0.8 0.74% 0.30% 0.29% 0.27% 0.31% 0.46% 0.52% 0.62% 0.58% 0.50% 0.17% 0.04% 4.80%
0.8-1.0 3.54% 1.46% 0.99% 0.54% 0.41% 0.50% 0.56% 0.61% 0.57% 0.45% 0.15% 0.05% 9.86%
1.0-12 3.86% 3.16% 1.68% 1.11% 0.61% 0.53% 0.49% 0.52% 0.50% 0.33% 0.13% 0.04% 12.94%
1.2-14 1.98% 391% 2.54% 1.16% 0.86% 0.61% 0.48% 0.47% 0.42% 0.24% 0.06% 0.02% 12.75%
14-1.6 0.60% 168% 3.10% 2.07% 0.91% 0.86% 0.51% 0.48% 0.35% 0.17% 0.05% 0.01% 10.78%
1.6-1.8 0.08% 0.71% 1.24% 2.49% 1.51% 1.39% 0.83% 0.59% 0.38% 0.14% 0.03% 0.01% 9.41%
1.8-2.0 0.01% 0.16% 0.70% 1.46% 1.65% 1.54% 1.10% 0.68% 0.40% 0.12% 0.04% 0.01% 7.88%
2.0-22 0.00% 0.05% 0.38% 1.02% 1.41% 1.50% 1.02% 0.68% 0.41% 0.16% 0.04% 0.01% 6.68%
22-24 000% 0.02% 0.15% 0.61% 1.00% 1.20% 1.14% 0.68% 0.38% 0.19% 0.03% 0.01% 5.41%
24-2.6 0.00% 0.00% 0.06% 0.35% 0.78% 0.91% 0.99% 0.55% 0.36% 0.18% 0.03% 0.01% 4.23%
2.6-2.8 0.00% 0.00% 0.04% 0.19% 0.55% 0.70% 0.81% 0.47% 0.29% 0.10% 0.03% 0.01% 3.18%
2.8-3.0 0.00% 0.00% 0.01% 0.12% 0.39% 0.53% 0.64% 0.41% 0.26% 0.06% 0.02% 0.01% 2.46%
3.0-32 0.00% 0.00% 0.01% 0.07% 0.30% 0.39% 0.47% 0.35% 0.16% 0.05% 0.01% 0.00% 1.80%
32-34 0.00% 0.00% 0.00% 0.06% 0.19% 0.28% 0.34% 0.25% 0.13% 0.05% 0.01% 0.00% 1.33%
34-36 0.00% 0.00% 0.01% 0.03% 0.14% 0.19% 0.25% 0.17% 0.08% 0.05% 0.01% 0.00% 0.92%
3.6-3.8 0.00% 0.00% 0.01% 0.03% 0.11% 0.14% 0.17% 0.11% 0.06% 0.03% 0.01% 0.00% 0.67%
3.8-4.0 0.00% 0.00% 0.00% 0.02% 0.07% 0.11% 0.11% 0.08% 0.04% 0.03% 0.01% 0.00% 0.47%
40-42 0.00% 0.00% 0.00% 0.02% 0.06% 0.08% 0.08% 0.06% 0.04% 0.03% 0.01% 0.00% 0.38%
42-44 0.00% 0.00% 0.00% 0.01% 0.04% 0.06% 0.05% 0.05% 0.03% 0.03% 0.01% 0.00% 0.27%
44-46 0.00% 0.00% 0.00% 0.01% 0.02% 0.06% 0.05% 0.03% 0.03% 0.02% 0.00% 0.00% 0.21%
46-48 0.00% 0.00% 0.00% 0.01% 0.03% 0.04% 0.04% 0.03% 0.02% 0.02% 0.01% 0.00% 0.20%
48-50 0.00% 0.00% 0.00% 0.01% 0.02% 0.03% 0.03% 0.03% 0.02% 0.01% 0.00% 0.00% 0.15%
5.0-52 0.00% 0.00% 0.00% 0.00% 0.02% 0.02% 0.03% 0.04% 0.01% 0.01% 0.00% 0.00% 0.13%
52-54 0.00% 0.00% 0.00% 0.00% 0.01% 0.02% 0.02% 0.02% 0.01% 0.00% 0.00% 0.00% 0.08%
54-56 0.00% 0.00% 0.00% 0.00% 0.01% 0.03% 0.01% 0.02% 0.01% 0.01% 0.00% 0.00% 0.08%
5.6-58 0.00% 0.00% 0.00% 0.00% 0.01% 0.01% 0.01% 0.01% 0.00% 0.00% 0.00% 0.00% 0.05%
>5.8 0.00% 0.00% 0.00% 0.00% 0.01% 0.06% 0.04% 0.02% 0.03% 0.01% 0.00% 0.00% 0.18%
Total (% ) 10.86% 11.47% 11.31% 11.77% 11.64% 12.67% 11.33% 8.60% 5.95% 3.23% 0.93% 0.25% 100.00%
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Mar 2021 Lidar flight snow depth per elevation bin (masl)

Snow 1390 - 1500— 1600— 1700— 1800— 1900— 2000— 2100— 2200 — 2300 — 2400 — 2500 — Total
Depth (m) 1500 1600 1700 1800 1900 2000 2100 2200 2300 2400 2500 2630 (%)
0.0-0.2 058% 0.07% 0.13% 0.22% 0.41% 0.78% 0.97% 1.15% 1.25% 1.15% 0.38% 0.11% 7.22%
02-04 3.28% 0.57% 0.21% 0.21% 0.31% 0.53% 0.64% 0.78% 0.62% 0.38% 0.15% 0.04% 7.72%
0.4-0.6 3.58% 2.11% 0.98% 0.35% 0.32% 0.45% 0.47% 0.54% 0.44% 0.25% 0.06% 0.03% 9.56%
0.6-0.8 237% 4.45% 2.04% 0.94% 0.42% 0.44% 0.45% 0.45% 0.37% 0.18% 0.05% 0.01% 12.16%
0.8-1.0 092% 2.78% 3.26% 1.63% 0.66% 0.44% 0.39% 0.41% 0.32% 0.13% 0.04% 0.01% 10.97%
1.0-12 0.11% 1.05% 2.59%% 2.48% 1.42% 0.78% 0.46% 0.41% 0.29% 0.10% 0.03% 0.01% 9.73%
1.2-14 0.02% 0.29% 1.10% 2.39% 1.88% 1.51% 0.59% 0.39% 0.28% 0.10% 0.03% 0.00% 8.58%
14-1.6 0.00% 0.09% 0.52% 138% 1.66% 1.68% 0.98% 0.46% 0.27% 0.09% 0.03% 0.01% 7.16%
1.6-1.8 0.00% 0.03% 0.23% 0.83% 1.14% 1.36% 1.23% 0.73% 0.32% 0.09% 0.02% 0.01% 5.98%
1.8-2.0 0.00% 0.02% 0.10% 0.43% 0.82% 1.12% 1.10% 0.71% 0.39% 0.14% 0.01% 0.00% 4.85%
2.0-22 0.00% 0.00% 0.06% 0.28% 0.61% 0.80% 0.89% 0.58% 0.35% 0.15% 0.02% 0.00% 3.73%
22-24 0.00% 0.00% 0.04% 0.17% 0.44% 0.63% 0.71% 0.43% 0.24% 0.11% 0.02% 0.00% 2.78%
24-2.6 0.00% 0.00% 0.02% 0.15% 0.38% 0.49% 0.63% 0.36% 0.20% 0.05% 0.01% 0.01% 2.30%
2.6-2.8 0.00% 0.00% 0.01% 0.07% 0.29% 0.35% 0.43% 0.27% 0.14% 0.05% 0.01% 0.00% 1.63%
2.8-3.0 0.00% 0.00% 0.00% 0.06% 0.20% 0.28% 0.33% 0.20% 0.10% 0.03% 0.02% 0.00% 1.22%
3.0-32 0.00% 0.00% 0.01% 0.04% 0.15% 0.19% 0.27% 0.16% 0.06% 0.02% 0.01% 0.00% 0.91%
32-34 0.00% 0.00% 0.00% 0.04% 0.11% 0.16% 0.18% 0.11% 0.05% 0.03% 0.01% 0.00% 0.70%
34-36 0.00% 0.00% 0.00% 0.03% 0.09% 0.12% 0.15% 0.08% 0.05% 0.02% 0.01% 0.00% 0.54%
3.6-3.8 0.00% 0.00% 0.00% 0.01% 0.08% 0.09% 0.10% 0.06% 0.04% 0.02% 0.01% 0.00% 0.41%
3.8-4.0 0.00% 0.00% 0.00% 0.01% 0.05% 0.08% 0.08% 0.06% 0.04% 0.02% 0.01% 0.00% 0.34%
40-42 0.00% 0.00% 0.00% 0.01% 0.04% 0.06% 0.05% 0.03% 0.02% 0.02% 0.01% 0.00% 0.25%
42-44 0.00% 0.00% 0.00% 0.01% 0.04% 0.05% 0.04% 0.03% 0.02% 0.02% 0.01% 0.00% 0.22%
44-46 0.00% 0.00% 0.00% 0.00% 0.03% 0.04% 0.04% 0.03% 0.02% 0.02% 0.00% 0.00% 0.19%
46-48 0.00% 0.00% 0.00% 0.01% 0.01% 0.03% 0.03% 0.03% 0.01% 0.01% 0.00% 0.00% 0.12%
48-50 0.00% 0.00% 0.00% 0.00% 0.02% 0.03% 0.02% 0.02% 0.02% 0.01% 0.00% 0.00% 0.12%
5.0-52 0.00% 0.00% 0.00% 0.00% 0.01% 0.02% 0.03% 0.01% 0.01% 0.01% 0.00% 0.00% 0.10%
52-54 0.00% 0.00% 0.00% 0.00% 0.01% 0.03% 0.02% 0.03% 0.01% 0.01% 0.00% 0.00% 0.10%
54-56 0.00% 0.00% 0.00% 0.00% 0.01% 0.02% 0.02% 0.02% 0.01% 0.00% 0.00% 0.00% 0.08%
5.6-58 0.00% 0.00% 0.00% 0.00% 0.01% 0.02% 0.02% 0.02% 0.00% 0.00% 0.00% 0.00% 0.07%
>5.8 0.00% 0.00% 0.00% 0.00% 0.02% 0.10% 0.06% 0.05% 0.03% 0.01% 0.00% 0.00% 0.27%
Total (% ) 10.86% 11.47% 11.31% 11.77% 11.64% 12.67% 11.33% 8.60% 5.95% 3.23% 0.93% 0.25% 100.00%
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Apr 2021 Lidar flight snow depth per elevation bin (masl)

Snow 1390 - 1500— 1600— 1700— 1800— 1900— 2000— 2100— 2200 — 2300 — 2400 — 2500 — Total
Depth (m) 1500 1600 1700 1800 1900 2000 2100 2200 2300 2400 2500 2630 (%)
0.0-0.2 452% 1.20% 0.66% 0.45% 0.56% 0.89% 0.96% 0.97% 1.00% 1.00% 0.34% 0.09% 12.64%
02-04 3.26% 2.27% 1.15% 0.50% 0.41% 0.54% 0.69% 0.89% 0.76% 0.44% 0.17% 0.06% 11.12%
04-0.6 2.24% 3.60% 1.79% 0.90% 0.50% 0.52% 0.46% 0.56% 0.47% 0.29% 0.07% 0.02% 11.42%
0.6-0.8 0.73% 3.02% 2.93% 1.40% 0.58% 0.50% 0.49% 0.46% 0.38% 0.16% 0.05% 0.01% 10.70%
0.8-1.0 0.08% 0.97% 2.41% 2.01% 1.00% 0.54% 0.46% 0.45% 0.33% 0.15% 0.04% 0.01% 8.45%
1.0-12 0.01% 0.26% 1.25% 2.19% 1.53% 0.94% 0.48% 0.43% 0.28% 0.10% 0.03% 0.01% 7.51%
1.2-14 0.00% 0.09% 0.51% 1.58% 1.72% 1.70% 0.74% 0.41% 0.29% 0.11% 0.03% 0.01% 7.19%
14-1.6 0.00% 0.03% 0.30% 0.97% 1.21% 1.58% 1.03% 0.58% 0.30% 0.09% 0.03% 0.00% 6.15%
1.6-1.8 0.00% 0.01% 0.12% 0.60% 0.89% 1.22% 1.12% 0.75% 0.38% 0.09% 0.02% 0.01% 5.23%
1.8-2.0 0.00% 0.00% 0.06% 0.33% 0.68% 0.79% 0.98% 0.58% 0.37% 0.11% 0.02% 0.00% 3.93%
2.0-22 0.00% 0.00% 0.05% 0.23% 0.58% 0.65% 0.74% 0.50% 0.28% 0.13% 0.02% 0.00% 3.19%
22-24 0.00% 0.00% 0.03% 0.15% 0.42% 0.57% 0.65% 0.38% 0.23% 0.14% 0.02% 0.00% 2.60%
24-2.6 0.00% 0.00% 0.02% 0.12% 0.36% 0.48% 0.58% 0.34% 0.17% 0.07% 0.01% 0.00% 2.15%
2.6-2.8 0.00% 0.00% 0.01% 0.10% 0.29% 0.34% 0.41% 0.26% 0.18% 0.05% 0.01% 0.00% 1.66%
2.8-3.0 0.00% 0.00% 0.00% 0.05% 0.20% 0.27% 0.33% 0.22% 0.10% 0.05% 0.01% 0.00% 1.26%
3.0-32 0.00% 0.00% 0.01% 0.05% 0.15% 0.22% 0.27% 0.15% 0.08% 0.04% 0.01% 0.00% 0.97%
32-34 0.00% 0.00% 0.00% 0.03% 0.11% 0.17% 0.20% 0.13% 0.05% 0.02% 0.01% 0.00% 0.73%
34-36 0.00% 0.00% 0.00% 0.03% 0.08% 0.14% 0.14% 0.10% 0.05% 0.02% 0.01% 0.00% 0.56%
3.6-3.8 0.00% 0.00% 0.00% 0.01% 0.08% 0.09% 0.11% 0.06% 0.04% 0.02% 0.01% 0.00% 0.43%
3.8-4.0 0.00% 0.00% 0.00% 0.02% 0.07% 0.10% 0.09% 0.07% 0.04% 0.02% 0.01% 0.00% 0.41%
40-42 0.00% 0.00% 0.00% 0.01% 0.04% 0.05% 0.07% 0.04% 0.03% 0.02% 0.00% 0.00% 0.25%
42-44 0.00% 0.00% 0.00% 0.00% 0.03% 0.05% 0.06% 0.03% 0.02% 0.02% 0.01% 0.00% 0.23%
44-46 0.00% 0.00% 0.00% 0.01% 0.03% 0.03% 0.03% 0.04% 0.02% 0.02% 0.01% 0.00% 0.19%
46-48 0.00% 0.00% 0.00% 0.00% 0.02% 0.06% 0.04% 0.03% 0.02% 0.02% 0.00% 0.00% 0.19%
48-50 0.00% 0.00% 0.00% 0.00% 0.02% 0.03% 0.03% 0.02% 0.01% 0.01% 0.00% 0.00% 0.13%
5.0-52 0.00% 0.00% 0.00% 0.00% 0.02% 0.03% 0.02% 0.02% 0.01% 0.01% 0.00% 0.00% 0.11%
52-54 0.00% 0.00% 0.00% 0.00% 0.02% 0.03% 0.02% 0.02% 0.01% 0.01% 0.00% 0.00% 0.10%
54-56 0.00% 0.00% 0.00% 0.00% 0.01% 0.01% 0.03% 0.02% 0.01% 0.00% 0.00% 0.00% 0.09%
5.6-58 0.00% 0.00% 0.00% 0.00% 0.01% 0.02% 0.02% 0.02% 0.01% 0.01% 0.00% 0.00% 0.07%
>5.8 0.00% 0.00% 0.00% 0.00% 0.03% 0.12% 0.07% 0.08% 0.02% 0.01% 0.00% 0.00% 0.35%
Total (% ) 10.86% 11.47% 11.31% 11.77% 11.64% 12.67% 11.33% 8.60% 5.95% 3.23% 0.93% 0.25% 100.00%
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