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Abstract
Snow is the largest component of water storage in the western United States, it serves as a
key moisture source for forested ecosystems and is fundamentally linked to streamflow
and nutrient cycling. Snow is vulnerable to climatic warming, and a key consequence of
declining mountain snowpack is the escalation in wildfire frequency, extent, intensity, and
duration across the seasonal snow zone. Fire modifies the spatial extent of snow in
watersheds, reducing snow water storage and timing of melt across burned forests. Forested
mountain ecosystems and water supplies are facing shifts in their structure, function, and
succession. Previous research has focused on short-term forest fire effects on snow
hydrology. However, no previous study has empirically investigated the recovery of forest
fire effects on snow-storage and melt over decades following fire. With the intensity and
frequency of forest fires increasing and snowpack declining in the western United States,
a common question is how to reduce forest fire risk while increasing watersheds efficiency
at generating water supplies? Here we present a potential answer to such a question, where
snowpack observations taken from the western Oregon Cascades illustrate that over
decades following fire, snow in burned forests store more snow volume and delay melt
timing for similar to an open area. We evaluate the long-term recovery of forest fire effects
on snow accumulation and melt. We combined in-situ point based measurements,
continuous time-lapse photography within three burned forests, and a remote sensing and
multivariate analysis of basin scale forest fire effects on snow cover in the western Oregon
Cascades. We found that forest fires increase snow accumulation and eventually delay
snowmelt around 10 days later 10 years following fire compared to immediately following

fire Decades following forest fire, burned forests may retain more snow longer in spring
i



and result in long term benefits for water resources. Allowing forest fire to burn in snow

dominated headwaters may increase snow storage for water resources management.
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1.0 INTRODUCTION

1.1 Why is snow important?
Water resource availability has long been a topic of concern throughout the

American West, where snow sustains nearly 70% of yearly water usage (Barnett 2005; Li
2017). This is the equivalent of 150 cubic kilometers of water and is the approximate
storage capacity of all man-made reservoirs in the Western United States combined (Mote
2018). In 2022, such reservoirs experienced their lowest water levels since their inception
(Aaro and Becki 2021; Carlowicz 2022; Bureau of Reclamation 2022). Lake Mead, a
crucial resource supplying water and electric power to roughly 40 million Americans, only
reached 27% of its capacity (Aaro and Becki 2021; Carlowicz 2022; Bureau of
Reclamation 2022). At this critical juncture, 10 Western State Governors declared official
water shortages and appealed for federal drought disaster aid (Bureau of Reclamation
2022). Strain on finite but critical water resources has the potential for detrimental impacts
on society, the environment, and the economy (Adam 2009).

Winter snow retention is critical for water availability in the drier summer months
(Bladon 2014). The timing of differential spring snowmelt drives the occurrence of
terrestrial drought (Mueller 2005) particularly in snow-melt dominated mountain basins.
In these regions, cyclical snow recession shapes abiotic processes, saturates soils, initiates
runoff, exports nutrients, and recharges groundwater (Yarnell 2010; Jeong 2012). For
forest and stream biota, snow-melt is a reproductive cue and is closely linked with the
hydrologic transitions that exert phenologic controls through the growing season (Contosta
2017; Yarnell 2010). Further, human management of water resources require thresholds

of water quality, quantity, and timing to be met for drinking water, agriculture, ecosystem

1



health, flood control, and myriad other uses. Shifts to the timing of this key hydrologic
source may result in dramatic alterations to snow-driven biotic and abiotic systems
(Mastrotheodoros 2020).

Snow cover has a large influence on the global energy balance (Henderson 2018;
Intergovernmental Panel on Climate Change 2007). Amid widespread early snow loss, the
overall surface of the earth darkens, amplifying changes to climate (Marks and Dozier
1992). The subsequent decrease of global albedo instigates a positive feedback loop
expected to augment global warming (Cess 991; Marks and Dozier 1992). Concurrently,
disturbance such as forest fire, pollution and dust on snow events decrease snow albedo
(De Noblet-Ducoudré 2019). After environmental disturbance, the snowpack absorbs more
energy accelerating it’s rate of warming and melt (Gleason 2013; Wiscombe and Warren
1980; Marks and Dozier 1992). Ultimately, snow decline will exacerbate the climate

conditions that cause it (Thackeray and Fletcher 2016).

1.2 Snow is Vulnerable — Climate Change Melting Snow and Increasing Fires
Patterns in snow melt and accumulation throughout the seasonal snow zone are

altered by climate warming, causing inconsistency to snowmelt pulses (Musselman 2021;
Luce 2014; Yan 2021). As the climate warms, the largest hydrologic fluctuations are in
snow-dominated basins of mid to upper latitudes (Barnett 2005). Early melt and declining
snow water equivalent are especially apparent in low elevation maritime regions (Mote
2005, 2018; Dyer and Mote 2006; Kapnick and Hall 2012; Lundquist and Cayan 2007)
with prominent and consistent declines in April 1% snow water equivalent (SWE) and shifts
in precipitation patterns and snow cover (Mote 2018). The ripe Maritime snowpack of the

Pacific Northwest has a high internal energy state requiring lower inputs to reach



isothermal temperatures required for melt (DeWalle and Rango 2008). Climate warming
readily drives large-scale shifts from snow to rain across the region (Klos 2014; Harpold
2017). Such critical thermal sensitivities disrupted snowmelt timing and response causing
flooding, erosion, and even reservior overfill through abnormal melt patterns and pulses
(Lyon 2008; Stewart 2004). Larger pulses of precipitation caused by rain on snow provoke
higher frequency of flooding and drought (Mote 2018; Us Epa 2016). Water supplied from
snow melt varies from year to year and climate warming adds uncertainty in water
resources management decisions reliant on snow melt (Stillinger 2021). Inconsistencies in
winter melt trends give a false sense of security to water reservoir forecasters who open
spillways without fully understanding what is left upstream (Stillinger 2021).

Snow is the largest component of water storage in Oregon and is vulnerable to
climatic alterations (Mote 2005). Early melt and declining snow water equivalent are
especially apparent in low elevation maritime regions (Mote 2005; Mote 2018; Dyer and
Mote 2006; Kapnick and Hall 2012; Lundquist and Cayan 2007) with prominent and
consistent declines in April 1% snowpack (Mote 2018; Harley 2020; Us Epa 2016; Barnett
2005) and shifts in precipitation patterns and snow cover (Mote 2018). Maritime
snowpack’s have a high internal energy state requiring lower inputs to reach isothermal
temperatures required for melt (DeWalle and Rango 2008). Therefore, it is easy for climate
warming to drive large-scale shifts from snow to rain across the region (Klos 2014; Harpold
2017). Such critical thermal sensitivities disrupted snowmelt timing and response causing
flooding, erosion, and even reservior overfill through abnormal melt patterns and pulses
(Lyon et al. 2008; Stewart, Cayan, and Dettinger 2004). Simultaneously, in light of regional

projected climate warming as well as aggressive fire suppression techniques from the past
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century (Gilliam 2016), maritime temperate forests have experienced expanding fire area
into once moisture-rich forested watersheds (Trouet 2006; Westerling 2006; Littell 2016;
Abatzoglou and Kolden 2013; Cansler and McKenzie 2014; Dennison 2014; Stavros 2014;
Westerling 2016; Kitzberger 2017). Decreased fuel moisture and increased duration of arid
weather create large quantities of dry fuels where wildfires are more likely to ignite (Littell
2016). With increased fire deficit, exacerbated by climate change, regional risk for high-
intensity forest fires has increased (Ager 2019; Hessburg 2016; Kolden 2019; Littell 2016).

Forested watersheds are notably dynamic but increasingly unpredictable with
wildfire alteration. Wildfires modify vegetation distribution and structure, which
transforms the snowpack energy balance (Vila-Vilardell 2023). The intractable
consequence of wildfire is a spatially heterogeneous landscape at many scales, from small
changes in canopy gaps to an entire burn complex. As spatial scale increases, ability to
identify the effects of heterogeneous burn severity on snowpack patterns diminishes
(Varhola 2010). Previous research has focused on snowpack storage and duration
differences between open areas and forested areas in the Pacific Northwest (Dickerson-
Lange and Gersonde 2017; Lundquist and Dickerson-Lange 2013; Gleason 2017; Rutter
2009; Storck 2002), as well as the radiative, broad scale, and immediate impacts of forest
fire effects on snow hydrology (Gleason 2013; Gleason 2019; Smoot and Gleason 2020;
Gleason and Nolin 2016). However, the long-term effect that forest fire has on snow
hydrology is not well understood and represents a critical hydrological knowledge gap. No
previous study has empirically investigated snow hydrology over varying scales as a

function of post-fire recovery. Given the strong effects of fire on the spatial and temporal



arrangement of forest cover and subsequent snow cover, there is a need to understand forest
fire-snow interactions during diverse phases of recovery.

This thesis aims to disentangle the long-term influence of forest fire on various
spatially variable scales of snow hydrology. I aim to contribute a new paradigm in natural
resource and water management for watershed-scale retention tools that not only combat
water resource strains, but also work in parallel with strategic prescribed fire management
tactics and intentional ignitions management. The proposed idea supplies solutions and
quick adaptations as climate warming becomes reality and the western United States enters

the third major drought of this century (State of California, 2022).



2.0 BACKGROUND

2.1 Scientific Concepts
2.1.1 Forest Snow Interactions and Management

Measuring and managing water is a piller of human civilization and western US
alpine forests benefit from hydrologic management. The first human settlments were
intentially placed due to their proximity to springs and rivers (Kenyon 1956). Though a
compounding issue is the decline of fresh water in the western US due to a significant
decrease in snowpack in alpine systems, disrupting the systems we have built around and
come acustom to (Mote 2018, 2005). It is not enough to understand how much water we
have, but the mechanisms that drive its distribution through natural and built systems .
Novel approaches to imporving water retention in forests through the lenses of both
hydrology and ecoloy allows for a more complete understanding of hydrologic functions
at catchments scales (Cooper 2018; Huang 2016). There is a need for management that
provides a holistic approach to preserving natural resources paramount for Earth’s system
equilibrium (De Freitas 2022).

Two main approaches have been used: reducing courses of climate disruption and
preventing further agrevation (Jennings 2011) by seeking adaptive strategies to reduce
vulnerability and increase resiliance to extreame events (Wheeler and Von Braun 2013).
Adaptive stratagies focus on the reduction of vulnerabilities and increasing resliance in
response to them (Barnett and Adger 2007). Many interesting natural methodolgoies have
been proposed to increase water yields within watersheds, by focusing conservation efforts
on areas of basins that have greater importance for water recharege, implementing less
extreame land use changes and avoiding drastic conversions of native forest areas. One

interesting tool proposed through a number of independent and peer reviewed studies
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suggests the potenital of Siviculture as a tool in water management (Kittredge 1953;
Golding and Swanson 1978; Varhola 2010). Findings proposed in Lundquist 2013, found
that lowering forest density in regions with warm winters enhanced snow
retention(Lundquist and Dickerson-Lange 2013). Additionally, studies have found that
through the removal of vegetaion through either clear cutting or forest fires cause
reductions to transpiration and increases in runoff (Bales 2011; Boisramé 2017; Ebel 2012;
McLaughlin 2013; Rowse and Center 1998; Schnorbus and Alila 2004; Lang 2017). This
has led many to hypothesize that if we apply methods used to reduce forest fire risk there
may be both a reduction in catastrophic forest fires but also an increase in snow storage
and water yield (Bales 2011; Saksa 2017). Forest clearning through perscribed burn, has
been proposed though the relationship is not finite and it is still known that in the short
term forest fires do the opposite and put pressures on water resources. Thus a more in-

depth analysis in needed to understand the longterm influence fire has on snow hydrology.

2.1.2 Forest Fires Further Alter the Spatial Variability of Snow
Fire modifies the spatial extent of snow in watersheds creating alterations in snow

cover across primal zones. Snow serves as the key moisture force for forested ecosystems
were forest health is fundamentally linked to snow accumulation, ablation, and streamflow
timing (Harpold and Molotch 2015; Barnhart 2016; Bales 2011, Hopmans, and O’Geen
2011; Huntington and Niswonger 2012; Stewart 2009). A key consequence of declining
mountain snowpack is the escalation in wildfire frequency, extent, intensity, and duration
across the seasonal snow zone (Westerling 2016). Following fire, a 40% augmentation of
black carbon and burned woody debris accumulate on the snowpack surface, darkening

the snowpack lowering its albedo and modify the surface energy balance (Gleason 2013;



Harpold 2014; Burles and Boon 2011; Winkler 2011). Energy absorbed by the altered
snowpack drives a 200% increase in net shortwave radiation (Gleason 2019; Gleason
2013). As a highly reflective substance, snow is sensitive to concentrated impurities,
leading to considerable intensification of radiative effects and ultimately faster snowmelt
by even minimal depositions (Marks and Dozier 1992; Flanner 2009; Painter, Bryant, and
Skiles 2012). The buildup of LAPs alter runoff patterns (Flanner 2009; Wiscombe and
Warren 1980; Painter 2007) with clear and immediate shifts to snow retention properties;
snow disappearance date increases, snow melt rates spike, and there is an overall loss of
snow water storage (Smoot and Gleason 2020). Such influences are dependent on canopy
burn severity, vegetation type, region, decreases to post-fire forest structure, and charred
forest shedding further altering the snowpack mass and energy balance (Gleason 2013;

Gleason 2019).

2.1.3 One to Ten Years Following Fire: Immediate Recovery
A 300% decrease in canopy density and 500% decrease in stem density increases

direct solar light transmission to the snowpack surface (Gleason 2019). Reduced longwave
radiation emissions from the once healthy forest canopy (Figure 1) and decreased levels of
canopy interception by 40% (Roth and Nolin 2017; Storck 2002). During the accumulation
period, burned and unburned forests show little change in surface snow albedo, however,
during the ablation period LAPs produced by fire, decreased snow albedo by 60% and
enhanced the snowpack’s radiative exposure (Gleason 2013). Shortwave albedo is directly
related to the snowpack energy balance (Dozier 2009; Skiles 2012). Since snow is highly
reflective in the visible wavelengths (400-700nm) small changes to surface albedo can have

large impacts on net shortwave radiation and accelerate the timing of snowmelt (Dozier



2009; Gleason and Nolin 2016; Painter 2007; Warren and Wiscombe 1980). New light
absorbing particles intensify radiative forcing on the snow surface by up to 60% in high
severity burnt forests (Gleason 2013). These alterations increase net snowpack shortwave
radiation by 200% (Gleason 2013) and subsequently raise snow melt rates by 57%, thus
decreasing snow disappearance date by 4-23 days (Burles and Boon 2011; Gleason 2013;

Uecker 2020; Winkler 2011).

2.1.4 Five to Ten Years Following Fire: Intermediate Recovery
Decreased snow albedo has been observed for up to 10 years following fire (Burles

and Boon 2011; Gleason 2013; Uecker 2020; Williams 2022; Smoot and Gleason 2020).
For the years following forest fire, burned woody debris (BWD) including charcoal, and
partially charred needles, cones and bark are shed from standing burned trees onto the
snowpack (Gleason 2013). Landscape scale snow albedo derived from MODIS (500m
resolution) in burned forests continues to brighten through the decade following fire
(Gersh, 2022). Gleason 2019 shows that then the impact fire has on snow disappearance
date begins to decline 8 years following fire. When this was characterized it was found that
composition, magnitude, and duration of LAPs in snow samples collected in early spring
began to decline following a fire. This decline was seen starting 4 years following fire
increasing broadband snow albedo at the same time and decreasing the radiative forcing to
the snowpack (Gleason 2019). Impacts on snow disappearance date begin to decline
around 8-10 years post-fire aligning with declines in concentrations of LAPs (Gleason

2019).

2.1.5 Ten to Twenty Years Following Fire: Advanced Recovery
Radiative forcing increases up to 15 years following fire and declines from 32 and

101 Wm™ one-year post fire, to 23 and 44 Wm 15 years post fire (Gleason 2019). Declines
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in black carbon and organic debris concentrations measured in burned forests 15 years after
fire were similar to remote pre-industrial background levels (Gleason 2019). Gersh 2022
found that 10 years following a fire, post-fire LSA in burned forests may be more similar
to that of open meadows outside the burn perimeter than to the antecedent pre-fire LSA
values (Gersh 2022). If there are background concentrations of LAP on the snow surface,
over decades following fire, snow surface will have a higher albedo and there will be a
profound decrease on the net snowpack shortwave radiation compared to immediately
following fire radiation levels (Gleason 2013; Gleason 2019; Lopez-Moreno 2020;
Gleason and Nolin 2016). Antecedent pre-fire conditions do not return in these severely
burned forested zones, rather, 10 years following fire, an altered state of forest and
subsequent landscape snow albedo (LSA) emerge (Gersh 2022). Balances originally offset
by reductions in net longwave radiation emissions from canopy persist (Burles and Boon
2011) and benefits to snow accumulation and retention are seen through lower sublimation
and canopy interception (Lundquist and Dickerson-Lange 2013; Jost 2007; Roth and Nolin
2017). It is critical that we understand the spatially variable impacts that forest fires have

on snow-water storage and its resulting availability.

2.1.6 Why is the Spatial Variability of Snow Important?
For decades, snowpack has been observed and predictions have been made to

forecast summer streamflow and help farmers, reservoir operators, and civilizations plan
for their water usage (Anghileri 2016). However, snow falls over spatially heterogeneous
landscapes at various scales in space and time, making water availability challenging to
predict. Snow accumulation and melt are complex processes governed by a variety of

variables. Topography controls snow accumulation and melt through slope, aspect, and
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exposure of the snowpack surface. Meteorological accumulation and ablation are impacted
by precipitation, wind speed, temperature, and humidity (Saydi and Ding 2020). Localized
wind tubulance and variable solar radiation are the main causes of lateral spatial variability
(Sturm 1995). Orographic effects such as elevation and northness contribute to solid phase
precipitation of snow fall over mountain ranges (Houze 2012; Mott 2014) where snow
depth and snow water equivalent increase with elevation (Zheng 2019). Snow depth and
volume are affected by localized topographic and vegetative effects (Lopez-Moreno 2017,
Marks 1998; Van Heeswijk 1996), which drive snow depth, volume, and timing (Marks
1998). Overall, seasonal snow cover is spatially variable due to various external and
internal processes interacting with ground cover and terrain (Schweizer 2008).

Spring snowpack measurments are the foundation for water avaiblibilty forcasting
(Zheng 2019), requiring accurate predictions of both precipitaion and snowpack water
storage at various scales (Hopkinson 2001). Snow can be measured at different scales in
space and time, from the bonds between snow crystals, to slopes, mountain ranges, and
climate regions (Schweizer 2008). This hierarchy requires varying horizontal grids for
measurments, dependent on the question of concern (Clark 2011). A longstanding
challenge for snow hydrologists is quantifying the spatial distribution of snow over
complex terrain and forested mountain areas (Golding and Swanson 1986; Winstral and

Marks 2014).
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UNBURN FOREST IMMEDIATELY INTERMEDIATE ADVANCED
(0 YEARS) (1-2 YEARS) (10 YEARS) (20 YEARS)

Figure 1: Conceptual model of Radiative and Turbulent energy exchange within an unburned forest a forest
immediately following burn, a forest with intermediate recover and a forest in advanced recovery. Qsw
distinguishes shortwave influences on the snowpack energy balance, Qi represents the influence of
Longwave Radiation on the snowpack and Qr is turbulent flux over the snowpack surface including sensible
and latent energy exchange.

2.2 Hypotheses and Objectives and Method Background
To evaluate the overarching research question, I used multiple methods including

field-based monitoring, time-lapse photography (Snowtography), multivariate statistical
analysis and remote sensing focused on three primary objectives to answer the following

research question:

RESEARCH QUESTION: WHAT IS THE TEMPORAL AND SPATIAL IMPACT OF
POST FOREST FIRE RECOVERY ON SNOW HYDROLOGY IN THE WESTERN
OREGON CASCADES?

Objective 1: Quantify Immediate Post Forest Fire Effects on Snow Storage Potential
and Snowmelt Using Snow Surveys in The Western Oregon Cascades.

The objective of the research performed for the first hypothesis was to evaluate the
influence of forest fire effects on snow hydrology, the year immediately following fire
utilizing empirically derived snow and depth measurements via snow surveys. The snow

survey is a technique that has been used by the USDA since 1984 and is one of the most

accurate point-based measurements of snow available today (Pickett 1995). The snow
12



survey developed by Dr. James Church is a valuable tool used by water resource forecasters
to monitor water supply for the coming year (Pickett 1995). Common protocol developed
by the NRCS snow survey was utilized to collect snow water equivalent and snow depth.
These measurements where used to capture accurate point based immediate post fire
accumulation and ablation patterns and addressed the following hypothesis:

Hypothesis 1: During accumulation snow storage (snow depth, snow water

equivalent, snow cover) in burned forests are more like open meadows

immediately following fire but melt off earlier.
However, snow surveys have low temporal resolution due to time consuming and
exhaustive data procurement were a potential loss of crucial snowpack details are not
revealed. This limitation leads to the methodologies utilized in Objective 2.
Objective 2: Characterize Recovery Over Time of Post Forest Fire Effects on Snow
Storage and Snowmelt Using Continuous In-Situ Snow Time-Lapse Photography and
Peak SWE Surveys in A 2-Year Old, 10-Year Old, and 20-Year Old Burned Forest
Relative to High Severity, Moderate Severity, Unburned and Open Areas Using
Time-Lapse Photography And Snow Stakes In Western Oregon Cascades.
The objectives performed to answer hypothesis 3 considered that the variability of snow
accumulation and duration within forested watersheds is difficult to accurately estimate
from sparse point-based observations alone (Meromy 2013). Snow survey measurements
are highly accurate so peak SWE surveys were conducted in all 3 burn regions, but only
once for April 13 SWE, however they lack temporal resolution. Observing a complete snow
depth time series of seasonal snow accumulation and ablation can provide increased
precision of estimates for date of peak SWE (PWED), ablation and accumulation rates,
snow disappearance date (SDD), and peak snow depth (PSD), providing elevated

comprehension of snowpack seasonality between diverse burn areas. Dispersed and highly

regular snowpack measurements are critical for building process-based representations of
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snow distribution within forested watersheds impacted by forest fire. By utilizing time-
lapse photography, it was possible to use semi-automated instrumentation to aide in snow
depth retrieval. These stations have a high temporal resolution with conservative
installation times and low cost so stations could be widely dispersed. a deeper insight into
the response of snow ablation and accumulation following forest fire while allowing ample
spatial distribution through recovering burns and answer Hypothesis 2:

Hypothesis 2 As a forest recovers from fire, snow within the burned region at

peak SWE, ablation, and snow disappearance date begins to resemble similar
characteristics of an open meadow.

Spares point-based measurements alone limit the applicability of results and fails to
acknowledge the influence of variables that change throughout a watershed. This limitation
leads to Objective 3.

Objective 3: Evaluate the Spatial Variability of the Recovery of Forest Fire Effects
on Snow Covered Area Using Remote Sensing Derived Snow Extent and Multivariate
Analysis in The Western Oregon Cascades.

The objectives performed to answer Hypothesis 3 used remote sensing, which is a
suitable technique for measuring snow pack extent at the catchment scale. Satellite snow
cover observations have been used for many decades and there are numerous satellite
derived products that exist at the global scale (Frei 2012). Remote sensing can offer
regional observations of seasonal snow and snowpack processes (Nolin 2010) due to the
nature of the interactions between snow cover and electromagnetic radiation (Nolin 2010;
Dozier 1989). Using remotely sensed data in conjunction with multivariate analysis will
help to parse out noise in complex environmental data to answer Hypothesis 3:

Hypothesis 3 The spatial variability of snow cover in burned forests over time is
decided primarily by forest fire recovery, where intermediate and advanced
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recovered burns represent snow extent of an open meadow where snow extent and
snow disappearance date increase with phase of recovery.

The evaluation of the differing spatial scales aided in drawing conclusion throughout this
study. The strengths of each data methodology helped answer each hypothesis and derive
an overall answer to our research question. Utilizing different scales and methods helped
increase confidence in our results that could otherwise be confounded due to error
associated with each method. Many studies constrained to one domain limit their scalability
and representativeness for more variable vegetation and topographic conditions (Goodell

1952).

Ol ML M

Figure 2: Synthesis of snowpack quantity over time within a high severity burn forest over time. Far left is
unburned progressing through advanced forest recovery. Arrows show net radiation at the snowpack
surface over time and recovery.
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3.0 METHODS
3.1 Study Regions

3.1.1 The Willamette Watershed
The heart of the western Oregon Cascades is the historic lands of the Kalapuya,

Chinook, and Clackamas and is otherwise known as the Willamette Watershed, which
bounds our study region (Figure 3a, 45° 20’ 39” N and 122° 39’ 14”). Notably, this
watershed has had an increasing proportion of burned forest, with fires ranging in age and
extent (Walsh 2008). The Willamette watershed at 30,000 km? is the largest watershed in
the State of Oregon, contributing to major municipal water resources in Eugene, Corvallis,
Salem, and Portland (Portland Environmental Services 2017). Seventy percent of Oregon’s
population lives in the Willamette Valley where the North and South Santiam river converge
and flow into the Willamette (Lane 1969). The Watershed is made up of a significant portion
of volcanic and mountainous National Forest, specifically the Willamette, Mt. Hood, and
Deschutes National Forests. It is delineated by the Coastal Mountain Range to the west and
the Cascade Mountain Range to the east. Elevations range from 3,200 meters at Mount
Jefferson to 3 meters at the mouth of the Columbia River (Portland Environmental Services
2017). Our study area receives between 165-330 cm of annual precipitation, falling as snow
and rain depending on topography (Prism Climate Group 2022).

Vegetation varies from high mountain subalpine of Montane Conifer Forest and
Lodgepole Pine to closed conifer and Red Fir (Atzet and McCrimmon 1990). The spatial
complexity of the forest types and connected fire regimes contribute to variable snow
conditions (Atzet and McCrimmon 1990). Snow storage in the headwaters of the Willamette
subregion in Western Oregon, directly contributes to the stream habitat of sensitive species,

hydropower generation, and municipal water supply (Portland Environmental Services
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2017). Defined as a Maritime climate, the western side of the north-south trending Cascade
Range typically sees a large amount of winter precipitation and temperatures that fluctuate
around freezing (Sturm 1995). The western Oregon Cascades depends on sufficient snow
storage to augment the summer dry seasons for water resources and fire suppression (Hamlet
and Lettenmaier 1999; Nolin and Daly 2006; Adam 2009).

Management within the Willamette watershed is complex as the fertile agriculture
drives water resources necessity (Portland Environmental Services 2017), in addition to the
water resources need of the extensive urban and suburban development and interface (Lane
1996) . The forest and valley floor has been shaped by numerous forces that exult
environmental upheaval, including the influence of forest clearance and naturally and

human ignited fires (Walsh 2008).
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Figure 3: Overview of the Willamette Watershed and all fires studied during the remote sensing phase of
study. B: Locations of the Lionshead (Top) B and B (Middle) and Shadow Lake (Bottom), in relation to other
burn areas of concern are the field based study areas.

3.1.2 The 2020 Lionshead Burn Area (2-year-old fire)
During the late summer of 2020, record-setting wildfires swept through the western

United States. In that year alone 250 wildfires burned 41.500 km? — the most acreage
impacted by wildfires in any year on record (Hoover, Hanson, and the Congressional
Research Service 2021). The fires that moved through the temperate forests of the Oregon
Cascades were ignited by lightning on August 16" 2020. Three weeks following the
outbreak, a historic wind storm (“Incident Information System” 2021) caused the fires to

expand to over 530 km? in one night, about 70% of the final burned acreage. By the time
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the fires were considered contained on October 1%, 10 weeks after the burn had initially
begun, (“Incident Information System” 2021) the Beachie Creek - Lionshead Burn Complex
covered nearly 830 km? of municipal, public, and private forested land (Figure 4a).

Our major in-situ study was conducted within the Lionshead Burn Area on the west
side of the Cascade Crest at about 1350m (Lat: 44:724, Long: -121.967) dominated
primarily by conifer closed canopy stands where moisture levels are that of a rainforest. A
significant portion of this region is National Forest, specifically Willamette, Mt. Hood, and
Deschutes National Forests. The Beachie Creek-Lionshead burn complex destroyed several
communities in the Santiam River and Breitenbush River watersheds, including the loss of
264 residences in Detroit, OR (“Incident Information System” 2021). These fires also
threatened highly valued natural and cultural resources: water supply, timber supply, and
public lands (Portland Environmental Services 2017). Watersheds affected by the Beachie
Creek-Lionshead fire feed into the Detroit reservoir, which has a capacity of slightly more
than half a cubic kilometer and is the main drinking water source for the city of Salem and

other nearby communities (Portland Environmental Services 2017).

3.1.3 The 2011 Shadow Lake Burn Area (15-year-old fire)
The Shadow Lake fire was started by lightning and burned 42 km? of the high

Oregon Cascades (Figure 4b). The fire started on August 28%, 2011, in the Mt. Washington
Wilderness and devastated the headwaters of the McKenzie River Basin, a major tributary
to the Willamette Watershed and a large contributor to groundwater recharge. A majority
of the burn occurred between the elevations of 1500m — 2000m, at the high end of the
seasonal snow zone (Gleason 2017; Taylor and Hannan 1999). Most of the 3000mm of

precipitation that this region receives falls as snow from November to April (Taylor and
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Hannan 1999). The McKenzie River Basin has a low to mid elevation snowpack making it
vulnerable to small changes in air temperatures. Snow in this mid-elevation snowpack
contributes over 90% of flow in the McKenzie River (Tague and Grant 2004, 2009), and
25% of low flow during the later dry summer months (Jefferson 2008). On September 3,
dry and hot conditions were such that the fire grew to over 40 km? and resulted in the
evacuation of the Big Lake Recreation area (St Denis 2012). The primary flora burned were
beetle kill snags and a variety of pine, as well as dense fir and hemlock forests. About 50%
of the area burned at moderate-to-high burn severity, with near total loss of forest canopy

(Gleason 2015).

3.1.4 The 2003 B&B Burn Complex (20-year-old fire)
The B&B complex is the result of a pair of fires ignited by lightning during the

summer of 2003 that burned 367.3 km?. The B&B fires were ignited by lightning following
high local temperatures and dry conditions. The fires started as the Booth fire and the Bear
Butte fire, which combined to become the mega-fire known today as the B&B fire Complex
(Zybach 2011). The storms that started the fires also brought high winds that peaked on
August 19" at 19 mph. Starting on the North end of the Mount Jefferson Wilderness, the
fire complex burned through the Cascade range for over a month, eventually reaching
Mount Washington (Figure 4c, Zybach 2011). The burn sprawled on both sides of Highway
20 through the central Cascades and took down a variety of forest types, from Douglas-fir
and western hemlock on the western side of the western cascades to yellow pine and jack
pine forests on the eastern side of the crest (Zybach 2011). The B&B Complex burned
mostly on federal forest service lands: 93.55 km? in the Deschutes national forestland and

11.08 km? of Willamette National Forest, as well as 70 km?of Mt. Jefferson Wilderness.
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There were also 0.33 km?Oregon State lands and 15.4 km? of Confederated Tribes of

Warm Springs lands, and 4.4 km? of various private land owners burned within the

boundaries of the B&B fire. Thirteen structures were destroyed, and 8 firefighters were

injured. The total cost in suppression efforts was over 38.7 million dollars (Deschutes and

Ochoco National Forests 2005).
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Figure 4: Distribution of timelapse cameras across all three burn areas, where A is the Lionshead burn
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area, B is the shadow lake burn area, and C is the B and B burn area. D illustrates a plan view timelapse

site setup where three cameras surround the depth staff. Each SWE measurement is taken near the black

dot for each snow survey date. E is the profile view of one camera at a site, showing how the timelapse

camera captures the entire extent of the pole.
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3.2 Study Design

Study sites were located on the western side of the Central Oregon Cascade Mountain range
and selected from three burn areas within the Willamette Watershed. We selected the
Lionshead Burn Complex, the Shadow Lake burn area, and the B&B burn complex, since

all had burned a portion of the Western Oregon Cascades within the last 20 years.

Location ——

Snow Surveys
Method —— Immediately Following SnOWtOQraphy Remote Sensing
Fire

Snow Storage: Peak
SWE and Depth

ANOVA and Tukey
just for snow Depth

Figure 5: Flowchart of methodologies and regions utilized throughout the length of study. The Lionshead
burn area was used to study fire effects immediately following burn year 1 and year 2 for objective 1. The
Shadow Lake and B and B were used to answer objective 2, The Willamette watershed was used to answer
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objective 3.

3.2.1 Lionshead: McCoy Site Selection Winter 2021

To quantify immediate post forest fire effects on snowmelt in the western Oregon
Cascades we chose site locations within the Lionshead burn area in proximity to the McCoy
snow shelter at an elevation of 1350 m (Figure 5). This location served as an ideal field
laboratory due to varying burn severities within a localized 1 km zone. Topographic
variables (slope and aspect) were kept constant to limit data variability. The moderate

topographic complexity near the McCoy site provided choice survey locations with
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consistent aspect (SSE) and low slope angles (<20°). Close proximity along Forest Service

road 2233 created accessibility for summer and winter field visits.

Table 1: Burn severity levels calculated based on the formula for dNBR. A higher value of dNBR indicates
more severe damage while areas with negative ANBR may indicates regrowth following fire (Eidenshink et
al. 2007), enhanced regrowth was not utilized for this study.

Severity Level dNBR Range (Scaled) Associated Color
Enhanced Regrowth <-0.100
Unburned -0.100 to 0.990
Low Severity 0.100 to 0.269
Moderate Severity 0.270 to 0.659
High Severity 0.660 0.130
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Figure 6: The 2020 -Lionshead Fire complex perimeter, burn severity scale from -2 to 2, and site, Field set
up during the first year of data collection along 2 x 100 m transect along a gradient of burn severities. Pixels
are 30x30 meters where aspect was held relatively constant as well as aspect and elevation. B illustrates the
field set up for the winter 2021 collection season. Black dots represent SWE measurment locations where
snow depth occurred 10 times between each sites. Stars reprsent the location of timelapse imagergery and C
and D display the plan and profile view of the cameras sites set up, respectively.

Site locations with varying burn severity were selected in ArcPro 2.8. The
Monitoring Trends in Burn Severity (MTBS) dataset from 1984 — 2019, (Eidenshink et al.
2007) which calculates burn severity from the Differenced Normalized Burn Ratio,

(dNBR) was used to estimate locations based on forest burn severity. In the field forest
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stands with trees that had been completely burned to their tips and lacked pine needles
where characterized as high severity (Figure 7). Moderate severity generally created the
border between high severity and unburned forest sites and had primarily burned pine
needles lower on the trunk with some green up higher. A mix of completely charred to
partially alive trees would be mixed in (Figure 6). Nearby meadows and openings in trees

defined our open forest plot and high-density pine trees to define for unburned (Figure 6).

Moderate
Severity Burn

Figure 7: Four forest types were evaluated throughout each burn region. High-severity burns remove the
forest canopy while in a moderately burned forest remove some canopy, and many trees remain alive. We
utilize the open meadow as a control and the unburn forest as a proxy for the pre- fire state.

3.2.2 Lionshead, Shadow Lake, and B and B Site Selection: Winter 2022
Survey locations differed slightly for the second winter of data collection. The Lionshead

sites remained to the west of the McCoy snow shelter at an elevation of 1350m (Figure 7a).
To improve site selection from the previous field season, we utilized a variety of open-
source spatial datasets (Table 1). A 10m National elevation dataset (NED) was bound
within 1300 m and 1500_m so it was restricted to the prime snow zone as defined by
Gleason 2017. Site burn severities limited to high or moderate severity utilized the USGS

Landsat difference Normalized Burn Ratio (ANBR) product sourced through Monitoring
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Trends in Burn Severity (MTBS). The remote sensing product, ANBR, uses land surface
reflectance to identify burn areas and quantify burn severity. It indexes canopy reflectance
on a scale of -0.5 to 1.3 were healthy vegetation is defined within its lower bounds and
severely burned vegetation is within its upper bounds (Table 2 Appendix B, Eidenshink et
al. 2007). Aspect and slope angle rasters were created using the associated geoprocessing
tools where sites were limited to slope angles less than 20 degrees with constraints set for

aspects at south to east orientations.
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Figure 8: Distribution of timelapse cameras across all three burn areas, where A is the Lionshead burn area,
B is the shadow lake burn area, and C is the B and B burn area. D illustrates a plan view timelapse site setup
where three cameras surround the depth staff. Each SWE measurement is taken near the black dot for each
snow survey date. E is the profile view of one camera at a site, showing how the timelapse camera captures
the entire extent of the pole.

25



3.3 Snow Surveys

Objective 1: Quantify immediate post forest fire effects on snow storage potential and
snowmelt using snow course transects in the western Oregon Cascades.

Snowfall is temporally heterogeneous, empirically derived snow depth and SWE
measurements via snow surveys provide reliable information for drawing conclusions
concerning snow water content and its potential variability (Lundberg, Granlund, and
Gustafsson 2010). Snow water equivalent (SWE) is the most informative variable when

measuring snowpack water content (Avanzi et al. 2014; De Michele et al. 2013).

3.3.1 Lionshead Snow Survey Field Methodology Winter 2021 and 2022
We conduct snow surveys the two years following the Lionshead burn to quantify

SWE and snow depth accumulation and ablation dynamics relative to forest burn severity
and structure (Fig. 6 and 8a). In 2021 we measured SWE along two 800m parallel transects
located to the west of the McCoy snow shelter (Fig.5). SWE was measured 16 times per
field day spread out every 100 meters along the transects and snow depth measurements
were taken every 10 meters along each transect (between SWE measurement sites). Snow
course surveys were conducted using a Federal Sampler, a tool used widely by the NRCS
snow survey and water supply forecasting system. An Avalanche Probe in centimeters was
used to collect snow depth. Snow Surveys were performed once monthly during the
accumulation period (January 1%, February 1%, and March 1st) and following the start of
ablation (April 1%%) we performed bi-weekly surveys within 4-5 days of April 1% and 15%
and May 1% and 15™, exact dates of field visits were dependent on timing and weather.
These measurements were used to capture point-based accumulation and ablation response
of snow immediately post-fire and relate canopy structure to burn severity and thus SWE
and snow depth.
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SWE surveys the winter of 2022 continued to be located to the west of the McCoy
snow shelter (Figure 8a) but the transect method was retired and instead SWE was taken 4
times at each time-lapse camera location. It was advantageous to plot in-situ SWE and
snow depth at these locations as coincident time series snow depth retrieved from the time-
lapse photography could be validated. Four SWE measurements were taken at each site
two meters away from the snow stake at its cardinal directions (N, E, S, and W, Figure 8d).
In-situ snow depth was measured 40 times with an avalanche probe spiraling away from
the snow stake (Figure 8d). Measurements would start approximately one meter from the
staff moving slightly outward with every new measurement. The 2022 field season’s
measurements started within the first week of February and were taken every two weeks
after the start of ablation (April 1%), with a focus on ablation characteristics such as snow

storage potential (peak SWE), snow melt rate, and snow disappearance date.

3.3.2 Snow Survey Statistics
With varying burn severities, the magnitude of snow depth designated by burn class was

tested immediately following fire. To test the significance of hypothesis 1 and 2 we used
snow depth as it provided a large enough sample size for useful snow survey measurements
(n=40). Additionally, the mean and standard deviation of each burn severity type for each
collection date was calculated. Most relationships in the dataset achieved normality in
January, February, March, and April. Though a smaller sample size and the decline of snow
depth created skew in the data for the month of May. To evaluate the results of the ANOVA
test, we used the post-hoc Tukey’s Honestly Significant Difference (HSD) to analyze each

comparison separately.
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3.4 Snowtography

Objective 2: Characterize recovery over time of post forest fire effects on snow storage and
snowmelt using continuous in-situ snow time-lapse photography and peak SWE surveys in
a 2-year old, 10-year old, and 20-year old burned forest relative to high severity, moderate
severity, unburned and open areas using time-lapse photography and snow stakes in
western Oregon cascades.

3.4.1 Study Design and Site Installation
We used time-lapse photography to characterize continuous in-situ snow depth during a

winter season as a function of forest recovery (Figure 8). We measured snowpack in zones
immediately following fire (winter 2021) and in 2-year old, 10-year old, and 20-year old
burned forests (winter 2022). At each burn area we established 4 sites consisting of one
snow stake and three cameras within high and moderate severity groves in addition to
unburned forest and open meadow. In December of 2020 we deployed 12 cameras through
the 4 different forest and burn classes within the Lionshead burn area. The following year,
we installed a similar set of cameras in the Shadow Lake Fire and the B&B burn area in
addition to the Lionshead burn area in October of 2022.

We used Wingscape’s Moultrie Time-lapse Cam Pro, a consumer-grade weather-
proof outdoor time-lapse camera equipped with a 20-megapixel 2-in TFT. The cameras
were tightly harnessed to surrounding trees and programmed to capture an image every 2-
hours starting at 8:00 am and ending at 4:00 pm from October to June. Each site had three
cameras to ensure data preservation during harsh winter conditions. Hourly images were
stored on internal 96 MB SD cards. When placing cameras, we considered and limited
surrounding canopy that could cause photo interference, considering branch movement
with a snow load mid-winter so that line of site was not obscured. The time-lapse cameras
were set up with direct line of site to 10-foot PVC pipes as snow stakes. To provide

maximum contrast with the surrounding environment the PVC was wrapped in neon orange
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tape and gradually at one-meter intervals for depth validation place holders. The PVC pipes
were set through t-posts a-foot into the ground to ensure limited movement through harsh

winter conditions (Figure 9).

Lionshead

0
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&gt

snow immediately following the burn within the Lionshead burn region, center are the sites 15 years
following burn, far right are the sites of the 20 year post burn B and B fire. A or the top photos are forested
regions, B are open regions, C are high severity burn regions and, D are Moderately burned.

3.4.2 Semi-Automated Retrieval of Snow Depth
Camera images where analyzed to derive snow depth. To achieve this, we refined remote

sensing methodologies to develop an R-based tool that extracts snow depth from time-lapse

imagery. The retrieval procedure of snow depth is articulated in the following steps:
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1) Subset photos based on time step: the time of day from which the photo is retrieved is
reduced to one per day for the best balance of low processing time and high temporal
resolution. We selected the photos taken at 14:00 as they had the best light contrast between
the snow stake, the snow, and the background terrain (Figurel0a).

2) ROI Identification: starting from an image without snow cover, we selected a region of

interest by drawing a polygon, which defined a quadrilateral around the snow stake. This
allowed the pixel clipping algorithm to consider only pixels inside of clip, helping to cut
out background noise and further limit processing time. A new ROI was defined every 10
days to keep up with variations in fine snow deposition and melt events. Re-defining the
ROI provided a suitable interval to keep processing time tractable and contour accuracy
high (Figurel0a).

3) Run as a batch analysis through image processing algorithm a routine used to load and

analyze each set of camera images through the image processing algorithm helped to
cluster pole pixels away from other pixels. The process defined in figure 10b shows the
applications of an orange filter to the base image to brighten the orange pixels. The image
is then inverted which makes the bright orange images dark. A grey scale then separates
black pixels from the colored and a transformation is applied to the separated pixels
diverging all other pixel properties to a value of 0 or 1. Finally, k-means clustering groups
pixels with similar means together. Images taken in fog, intense snowfall, and at night
caused errors and were discarded. Polar was run three times for every camera to fill in gaps
and increase the robustness of snow depth derivations.

4) Algorithm Edge Detection To define the height of the visible pole the cropped image

based on the pre-defined ROI has a contour applied to like pixels. The contour edges select
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the top x contours where x varies with the height of ROI. The contours are then applied to
the original base image where by the y-max and y-min can be defined (Figure 10c).

5) Retrieving Pixel Height to Convert to Snow Depth The depth of the snow stakes as pixel

depth was derived from the ROI contour of the pole. To extract the number of pixels of the
depth staff covered by snow, the number of pixels of the entire stake were read from the
image and verified (Hs). The height of pixels of the pole with snow on (Hn) was subtracted
from the height of the pixels with snow off:

Hs — Hn = Hp [no. of pixels]. (Equation 1)
Where Hp is snow depth derived from the number of pixels within the snow depth. The
number of pixels is converted into a snow depth in meters, multiplying by the ratio between

the real snow stake length (Ls) in meters and the number of pixels of the whole stake (Hp):

SD = (;—;) (m) (Equation 2)

m is the height of the snow pole in meters. We used a conversion factor for the
accumulation period and peak SWE period (Fig.6c). This experiment produced a snow
disappearance date (SDD) and peak snow depth (PSD) for each forest type. Snow ablation
rates were calculated taking the maximum snow depth and dividing it by the number of
pixels identified for the entire pole. Snow disappearance was recorded beneath the snow

stakes.
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Figure 10 PoleR workflow snow depth retrieval procedure from time-lapse imagery. Adapted by Anton
Surunis. Starting from the left the program subsets photos based on time step 2) it asks for a defined region
of interest 3) a new region of interest is defined every 10 steps or to whatever the user believe is best. In the
middle the program runs the selected image ROIs as a batch analysis through the image processing
algorithm. On the program runs through an edge detection and 6) finally the pixel height is received and can
then be converted to a snow depth.

3.4.3 Snowtography Statistics

The mean and standard deviation of all snow depths were calculated for each month and
split between severity treatments to evaluate mean snow depth per treatment per month
during the ablation period. The overall treatment effect was tested using a one-way analysis
of the variance (ANOVA). Having received significant results via the ANOVA test
(p<0.05), a Tukey’s Honestly Significant Difference (HSD) test was used to
simultaneously compare all pairwise treatment relationships and identify relationship with
significance. With varying burn regions, our second year we tested the magnitude of the
treatment effect for differences in snow depth within each burn region using the
interactions between the four varying forest blocks at one time period. Prior to testing the
sample-level data we accounted for spatial autocorrelation by randomly subsampling snow
depth and its associated data from each month and treatment block. The data was
partitioned to be randomly sampled and statistically evaluated. We calculated the mean and
standard deviation for the entire winter within each burn area and then the mean and
standard deviation of each burn severity type. Additionally, further summary statistics are

provided to fully interpret the skew of the dataset. Homogeneity was assessed by looking
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at the distribution of the dataset displayed on a histogram plot and looking for the bell-
shaped curve, as well as the Shapiro Wilks normality test where a value greater than 0.05
indicated a normal distribution (Tables 3 Appendix C). To avoid pseudo-replication, we
averaged all measurements within a treatment month. Differences in snow-depth for each
forest burn severity class were analyzed using a one-way analysis of the variance
(ANOVA), followed by Tukey’s Honestly Significant Difference (HSD) for the test in
which the true variance in the data could be explored.

3.5 Remote Sensing Analysis

Objective 3: Evaluate the Spatial Variability of Snow Cover Area Relative to Recovery of
Forest Fire Effects on Snow Covered Area

3.5.1 Experimental Design
Expanding the spatial extent of our study area allowed us to study the spatial variability in

snow cover area relative to the recovery of forest post wildfire. Our approach utilized a
variety of satellite derived remote sensing products and spatial analysis. We developed a
masked combination of Landsat08 datasets at a 30 m spatial resolution. We compared snow
cover area in high severity burn forests and open areas as a control to evaluate these effects.
The temporal discrepancies through a chronosequence of 23 burns and adjacent open areas
were used to determine snow extent characteristics in the burn areas representative of open
areas as fire rehabilitation occurs. Two snow cover area masks were developed: the first
mask solely reflected snow cover which overlapped dNBR high severity burn designations
and the second isolated snow cover of Oregon Statewide Habitat Maps, derived via open

vegetation regimes.
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Table 2 Relevant remote sensing products and course information used throughout the study.

Data Type Data Source Resolution Features
Burn Relative Normalized difference 30 m MTBS forest fires burn
Perimeter and burn ratio (RnDBR) and burn perimeters and burn severity
Severity perimeters from MTBS scaling post -fire change to
(Eidenshink et al. 2007) forest landscape (1984 —
2020)
Landcover National Land Cover Data Set 30 m
Class (NLCD) NLCD 2022 used to classify
(Collin Homer, Joyce A. Fry, and landcover
Christopher A. Barnes 2012)
Hydrologic Oregon Watershed Boundary Polygon Comprehensive base-line
Unit Dataset -Hydrologic Unit drainage data that delineates
Boundaries Boundaries the extent of surface water
(Niknami 2012) drainage
Prism 30 Year PRISM Climate Group — 800 m Average monthly and annual
Normal Northwest Alliance for precipitation and temperature
Precipitation Computational Science and conditions over the most
and Engineering recent three full decades
Temperature (Oregon State University data
created 4 Feb 2014, accessed 16
Dec 2020. 2014)
Fractional UGSG Landsat Fractional Snow 30 m Landsat 8 fSCA used to detect
Snow Cover Cover Area Science Products snow cover duration and
Area (Selkowitz, Painter, and Rittger persistence variations
2017)
Oregon Oregon Biodiversity Information 30m Spatial origin of 77 habitat
Statewide Center and Oregon Department of types 2018
Habitat Map Fish and Wildlife
(Jimmy Kagan, Kyla Zaret, Joe
Bernert and Emilie Henderson
2018)
Vegetation Existing Vegetation Height 30 m Existing Vegetation Height
Height LANDFIRE (EVH) representing the
(“Existing Vegetation Height” average height of the
2022) dominant vegetation
Canopy Bulk = LANDFIRE’s (LF) Forest Canopy 30 m Describes the density of

Density

Bulk Density
(“Existing Vegetation Height”
2022)

available canopy fuel in a
stand defined by the mass of
available canopy

3.5.2 Bounding the Study Area
Of the 23 wildfire boundaries and 6 snow cover area maps few would extend beyond our

region of interest, therefore the Willamette watershed boundary perimeter placed over the

burn mosaic raster dataset would constrain all study areas to the west side of the Cascade
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Range (Figure 3a). To bound input raster datasets we utilized the Oregon Watershed
Boundary Dataset Hydrologic Unit Boundaries HUC 4 watershed perimeter map within
the Oregon Spatial Data Library (Niknami 2012). By constraining all studies to this region,
we assumed that all weather, temperature, and ecological regimes within each fire
boundary were comparable. Spatial datasets were re-projected to a UTM Zone 10 N based
coordinate system.

3.5.3 Development of Snow Cover Area Masks

We examined fractional snow cover area (FSCA) extent through the winter of 2021 within
a week of our field reported snow survey dates (Figure 10). Imagery downloaded through
the USGS Earth Explorer on March 1st, 13" and 28" April 15", May 1% and 18", as well
as June 1* were selected based on cloud cover being less than 10%. Fractional snow cover
area, a USGS algorithm developed to classify factional snow cover of a 30 m? cell as a
percentage (Selkowitz 2017), designated pixels with 50% snow cover area and greater. The
resulting snow cover was restricted to the bulk snow zone, defined between 1300 to 1500m

in elevation (Gleason 2017) utilizing the ArcPro 2.8 Live Atlas 30m DEM (ESRI 2022).

3.5.4 Development of High Severity Burn Masks
Burn severity datasets secured through MTBS from burn years between 2020 and

1988, the same data set used to determine site locations in the above methodology, were
mosaiced. The fires ranged in size, age, and burn severity extent; however, we limited our
evaluation of burn areas to high severity burned forests under the assumption that lower
severity burn areas would produce errors due to canopy interference. High severity burned
regions were defined as being an dNBR index reading of 0.66 and higher (Table 1) were

isolated through reclassification. The fires ranged in size, age, and burn severity extent.
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3.5.5 Development of Snow Cover Area Within High Severity Burn Regions and
Open Meadows Within 5 km Buffer

FSCA were mosaiced and reclassified, transforming the continuous measure of
snow cover into a binary snow on/snow off raster. This half snow-on classification was
used to build both the open meadow snow cover area within the buffer as well as snow
extent masks in high severity zones (Figure 11a). Following, was the intersection of a snow
extent raster by the high severity burn raster confined to snow extent to corresponding burn
regions (Figurellb). Five more iterations were run for every snow cover area date

collected. The output would result in a pixel count of snow cover area for each burn area

and for each collection date.

March 1 March 15 Aprill April 15
Resulting Snow Bulk Snow Zone:
Cover Map Between 13-15k m

May 1 May 15 Junel June 15

JJY

Figure 11 Snow cover area work flow derived via the landSAT fractional snow cover area product. Each
image was selected through the winter of 202, within a week of snow survey dates. Imagery downloaded
through the USGS Earth Explorer were selected based on less than 10% cloud cover. FSCA were mosaiced
and reclassified, transforming the continuous measure of snow cover into a binary snow on/snow off raster.
Where values with greater than 50% snow cover were considered snow on and otherwise were considered
snow off- The resulting snow cover was restricted to the bulk snow zone, defined between 1300 to 1500m in
elevation (left).

A 5 km buffer was drawn outside the burn perimeter to evaluate open areas as
controls and account for interannual variability of snow cover relative to forest fire

recovery (Figure 11a). Oregon Statewide Habitat area and landcover data was used to
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categorize each land cover type as either “No Data” or open meadow. Land cover area
classified as sagebrush, shrubland, barren, herbaceous, planted/ cultivated, and grasslands
where all considered open. While “No Data” were defined as deciduous, mixed, or
coniferous, essentially forested areas with the potential of canopy obstructing the fSCA
view. The new land surface mask would intersect one of the 6 independent snow cover area
masks producing a map of snow extent within the open areas for that time step (Figure
11a). This would be repeated 5 more times to get a capture of snow cover area for each

date of fSCA data collection.

A C High Severity
HS Burn Snow extent x 7

\
Burn-Red \

Snow Extent Brlk Snow Zone

s

1 / Open Area
s B D y Snow
NLCD - LandcoVe: extentx7

Figure 12 To evaluate snow extent differences between HS burn areas and open a 5 km buffer was drawn
outside the burn perimeter shape fire to evaluate open areas which were defined using the NLCD land cover
(A). MTBS's high severity burn area maps were used to define burn areas within our regions of interest (B).
The new land surface mask would intersect one of the 6 independent snow cover area masks producing 7
maps of snow extent within the open areas(C) and high severity regions for that each time step (C). The data
was constrained to the bulk snow zone where the area of the HS region was subtracted by the open (D). The
data was then normalized by the maximum snow extent and then by forest fire area.

3.5.6 Data Analysis and Normalization
A bi-weekly pixel count of snow cover during the 2021 ablation period resulted in

12 datasets that satisfied all above criteria for each time step. “Snow on” pixel counts within

high severity burn areas were compared against the “snow on” within the defined open
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meadows of the buffer region (Figure 12). Specific to date of collection, fire pixels were
divided by their highest potential snow extent, defined as the maximum number of “snow
on” pixels that could be collected within an independent burn region. Under the assumption
that “highest potential snow extent” is the maximum amount of snow cover that could be
experienced in this burn zone throughout the winter season. We can assign a quantity to
the maximum amount of snow cover pixels that can be derived within that burn.
Additionally, the proportion of a given snow cover pixel count for a timestep to the
maximum snow cover pixel count needed to be considered as each of these proportions
was distinct to that particular fire area. Differing high severity burn proportions had to be
considered in order to normalize for differing open to burn proportions.

The same process was repeated with snow extent in the buffered regions. Snow
extent normalized by total possible snow within the burn region was subtracted by the same
ratio in the open meadows for the corresponding fire and time. The ratio of the total burn
to total area of the buffer was multiplied by differenced snow extent to normalize snow
cover by burned area included in the analysis. In depth steps explained below.

1) Find Highest Potential Snow Extent Pixel Count for each burn area (PSnb and
PSno) and corresponding open area in buffer: PSpmax & PSomax

2) Divide specific date pixel count by the maximum potential snow extent for all
open and burn pixel counts to get: ratio of pixel date/ratio pixel total potential
(PSnub/ PSbmax)=Sub and (PSnp/ PSomax)= Sno — Where n is the time-step to each
ratio

3) Subtract Sub- Sno = Sn -- Difference of snow extent in burn to snow extent
in open

4) Divide the total count of all snow covered burn pixels for each fire by the

corresponding snow-covered open pixels (PCy/PC,)
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a. Gives the ratio of total burn pixels to ratio of open pixels Pt
5) Multiply Sax Pt to normalize the area of snow extent by the ratio of burn pixels
to open pixels
6) Average each fire for each year

3.5.7 Multivariate Statistical Analysis
To synthesize the broad scale spatial ablation for the Willamette watershed, we

begin by explaining the data preparation methodology to distill the collection of biweekly
images within the season of 2021 into the essential information, then develop the PCA
model, explain how to apply the model to an image and, finally describe how to assess the
spatial accuracy of the model (Figure 13).

In order to identify the factors or sources which were responsible for snow
disappearance date relative to forest fire recovery variations in our remote sensing data,
PCA was applied (R Core Team 2023). PCA 1is a data reduction method commonly used
in remote sensing that linearly rotates and scales a data matrix. The *D* vectors which
comprise the *D* matrix each contain a large amount of redundant or correlated
information with respect to the other *D* vectors, as well as information which only
appears in a few of the vectors and some information unique to individual vectors. PCA
reorganizes this information into a collection of new vectors each of which is orthogonal
to or uncorrelated with the others.

To assess different environmental drivers of snow disappearance with regard to
forest fire recovery, we compared all variables using principal component analysis (PCA)
to reduce dimensionality of highly correlated explanatory variables. First, all variables
were scaled before conducting PCA and all NA values omitted and centered around the

mean. The number of principal components with eigenvalues greater than one explained
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little less than 80 percent of the total variance (Kanyongo 2005). We then used the broken
stick model for retaining principal components (Jackson 1993). The model retains
components that explain more variance than randomness. The goal being to capture as
much variance in the data with as few dimensions as possible. After performing PCA we
picked the top number of features that contain the most variance, which reduces
dimensionality and keeps the highest amount of information.

To further parse out noise or identify key relationships that might develop with a
large, wide reaching spatial dataset, we used a decision tree-based framework since the
dataset is too complex for linear regression alone. PCA is applied before a Decision tree,
as it explicitly transforms the dataset to highlight the directions that have the highest
variance, which often have the highest amount of information. Decision tree analysis uses
a machine learning algorithm to build a tree-like classification structure and regression
model to identify a set of characteristics that can best differentiate between individual
classes base on a categorical feature variable. It has proven to be a very useful and efficient
technique to process remote sensing data (Yang 2017). Fitting a decision tree will highlight
major variables contributing to snow disappearance in burn forests including both
continuous and discrete measurements. An R based package “rpart” or recursive partition
and regression trees was used to develop the decision tree (Archer 2010). Making the
decision tree achiever high accuracy within the least number of decisions layers, we
discarded 3 variables (aspect, slope angle, and canopy bulk density) as they had little to no
influence on the variance of PC1 (Appendix B). PC1 was the only PC kept, because only
the first observed proportion of variance was higher than the corresponding broken-stick
proportion (Appendix B - Figure 24). This tree explains the variations of the single
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response variable snow disappearance date (SDD) by repeatedly splitting the data into
more homogeneous groups.

A simple rule, in our case an ANOVA, is responsible for repeatedly splitting on a
single explanatory variable. At each split, the data is partitioned into two mutually
exclusive groups. The categorical variables all have greater than 2 levels, so any
combination of levels can be used to form a split. For the numeric explanatory variables,
the split is defined by values less than, and greater than some chosen value. Thus, only the
rank order of numeric variables determines the split, and for “u” unique values, “u”-1
possible splits. From all the possible splits, the one that maximizes the homogeneity of the
two resulting groups will be selected.

Following the production of the model, the tree was represented graphically
(Appendix B). The root nodes represent the original data at the top, the branches split the
groups and the leaves represent one of the final groups. At the bottom most leaves, the
samples size and snow disappearance date described by Julian days are displayed. The
number of splits will increase until they reach a plateau indicating that further splits will
not improve the model’s predictive power.

To prune the decision tree cross validation was utilized to help select the proper tree size
and obtain honest estimates of true (prediction) error for the trees (Gordon 1984). A
separate methodology was utilized to prune the decision tree where the final model was
generated using the lowest cross-validation predictive error instead of an ANOVA (Cp,
Appendix B). Cp values are plotted against a random subset of half of dataset used to
calculate geometric mean to depict the deviation (Appendix B). The final pruned decision

tree was generated.
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Figure 13 To identify the factors responsible for snow disappearance relative to forest fire recovery all
environmental spatial datasets where overlaid and 500 random points where chosen over the defined high
severity burn are within the bulk snow zone. All information for environmental variables were derived with
these points. A Principal Component Analysis (PCA) was applied, the multivariate statistical data reduction
method, linearly rotates and scales a data matrix and reduces noise in a dataset. The PCA was applied before
a Decision Tree, to parse out variables with little influence to the variance of the data. The remaining

variables were applied to the analysis of the decision tree.
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4.0 RESULTS

4.1 Immediate post forest fire effects on snow storage and snowmelt (1 year
following fire 2021)

Objective 1: Quantify immediate post forest fire effects on snow storage potential and
snowmelt using snow course transects in the western Oregon Cascades.

4.1.1 Snow Accumulation
The first year following fire, more snow accumulated in the burned forest and open areas,

than in the unburned forest mid-winter. Snow depth within the high and moderate severity
burned areas (mean= 130.62cm, SD =25.87cm, Figure 14b) was like the nearby open
meadows, (mean = 127.70cm, SD = 24.10cm) and was greater than snow depth in unburned
areas (mean = 72.00cm, SD = 22.53cm, p<0.05). Less SWE accumulated in the high and
moderate severity burned area (mean = 32.00cm, SD =12.50cm) than in the open areas
(SWE =41.00cm, SD =4.94cm) through the month of January (Figure 14a). Average snow
depth (snow depth = 149.00cm, SD = 12.03cm) and SWE (SWE =27.50cm, SD = 1.76¢cm)
in the open areas exceeded those of the burned forest (snow depth = 127.23cm, SD =
37.30cm, SWE = 20.50cm, SD = 7.85cm) for the beginning of February (Figure 14 a&b,
p<0.05).

4.1.2 Snow Storage

The most snow accumulated in the open areas, but more snow accumulated in the burned
forest compared to the unburned forest during peak SWE in March. SWE (Mean =
50.30cm, SD = 7.25cm) and snow depth (Mean=224.96cm, SD =48.96cm) in burned
regions were similar to open meadows. On the March 2™ snow survey, (Figure 14a&b)
average SWE and snow depth were_ highest in the open meadow and burn
(Depth=252.08cm, SD = 30.94cm; SWE = 50.03cm, SD=7.25c¢m) and close in the burned

areas (Depth = 224.96 cm, SD =48.96cm, SWE=44.50cm, SD= 13.41), where average
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SWE and snow depth were 12% and 10% greater, respectively. Mean SWE in the burned
area was 15% higher than in the forested areas (SWE = 30.50cm, SD =4.52) and snow
depth (Depth =213.77cm, SD =44.55cm) was 5% higher in the burn relative to the forest.
Snow remained the highest in open areas through the month of March, only losing 3 cm of
SWE by the April 1% SWE survey date (SWE = 48.00cm, SD =10.15c¢m). At this point
SWE was 16% greater in the open than the burned areas, (SWE=40.03cm, SD =15.32cm)
though the difference was not significant. Snow in the forest had the lowest mid-winter
snow retention potential, losing 13 cm of SWE during the month of march (SWE =
20.06cm, SD =20.64cm) and only being 50% of the mean SWE at the burned site (p<0.05).
Snow melt was faster in the burned areas during the ablation period then during the

midwinter melt event.

4.1.3 Snow Ablation
Snow melt was faster in the burn region compared to the open meadow with advanced melt

moving toward an earlier snow disappearance date, though these dates were not captured.
Snow melt was faster in the burned areas during the ablation period then during the
midwinter melt event. The difference in snow depth was not significant between the burned
(Depth = 154.34cm, SD=68.46¢cm) and forested areas (Depth =150.05¢cm, SD =49.59c¢m).
By April 20", SWE had declined by almost half in the burn area, (SWE =25.26¢cm, SD
=14.16cm) while the open area only lost 8 cm of SWE, or 16% of its original value (SWE
=40.01cm, SD = 5.48cm). Because more snow accumulated in the burned forest but
melting earlier in spring, snow depth of both the burned forest and unburned forest was

similar at the April 15" survey.
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Late spring snowpack persists longer in the open areas the first year following. On
May 4™ snow depth was 30% higher in the forest (Depth = 87.94cm, SD=52.18cm) than
the burn area, (Depth= 65.34cm, SD =56.53) and snow depth in the burn and open regions
were significantly different (p<0.05). On the final survey date (May 17") snow was absent
from most burned sites but persisted in the open meadow (Depth =20.91cm, SD =21.73cm)
and in some forested areas (Depth = 21.22cm, SD = 33.87cm). SWE was almost 500%
greater in the open area than the burned and forested areas on the final collection date,
though this might be a product of poor ability to collect SWE in the federal sampler with

such low snow volumes.

Forest_type
A — forest

— high
moderate

2001

Snow Depth (cm)

Snow Water Equivalent (cm)

o4
Jan Feb Mar Apr May Jan Feb Mar Apr May
Collection Date 2021 Collection Date 2021

Figure 14: Snow Survey Results through the 2021 Lionshead survey year. Plot A is average SWE (cm) and
plot B is Average snow depth (cm), the errvor bars represent standard error in the dataset.
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Table 3: Lionshead Snow Survey 2021 mean and standard deviation of snow depth and SWE by collection

date and forest type.
Date Severity Mean Snow Sd Snow MEAN SD SWE P-ADJ Tukey
Depth (Cm) Depth (Cm) SWE (CM) (CM)

JAN-8 | burned 130.62 25.87 32.0 12.49 opn-brn p=0.93
open 127.70 24.08 41.0 4.94 unb-brn p<0.05**
unburned  72.00 22.53 21.25 - unb-opn p<0.05**

FEB-8 burned 127.23 37.30 20.50 7385 opn-brn p=0.11
open 149.00 12.03 27.50 1.76 unb-brn p=0.01
unburned  102.55 32.43 16.50 7.70 unb-opn p<0.05**

MAR-3 | burned 224.96 48.96 44.50 13.41 opn-brn p=0.14
open 252.08 30.94 50.30 7.25 unb-brn p=0.59
unburned 213.277 44.55 30.50 4.52 unb-opn p<0.05**

APR-6 | burned 198.93 49.26 40.03 15.32 opn-brn p=0.14
open 226.33 18.46 48.00 10.15 unb-brn p<0.01
unburned  175.33 49.23 20.06 20.64 unb-opn p<0.05**

APR-20 | burned 154.34 68.46 25.26 14.15 opn-brn p=0.39
open 179.75 26.57 40.01 5.48 unb-brn p<0.96
unburned  150.05 49.59 21.00 0.71 unb-opn p<0.43

MAY-4 | burned 65.34 56.53 12.00 10.70 opn-brn p<0.05**
open 122.08 30.16 32.01 5.39 unb-brn p=0.23
unburned  87.94 52.18 13.02 3.11 unb-opn p=0.21

MAY- burned 9.75 23.66 2.03 3.6 opn-brn p=0.31

18
open 20.91 21.73 14.05 5.9 unb-brn p=0.17
unburned 21.22 33.87 0.00 0 unb-opn p=0.99

4.2 Immediate Post Forest Fire Effects on Snow Storage and Snowmelt (2 Years
Following Fire 2022)

4.2.1 Snow Accumulation
The second year following fire, snow depth was similar in high and moderate

severity burned forests and lower than the open areas midwinter, which was significantly
higher than the forested region (Figure 15, p<0.05). Average SWE in both burn regions
(SWEn =30.16cm, SDy = 6.72cm, SWEMm= 29.13cm, SDm= 6.98cm) was 16% higher
than SWE in the open region (SWE = 24.85cm, SD = 19.93cm, Figure 15a). Snow depth
in February was lower in both burn areas (Depthy= 136.10cm, SD = 24.14cm, Depthy=
136.32cm, SD = 27.01cm) than in the open areas (snow depth = 147.13 cm, SD =
21.00cm) and open had 9% greater snow depth than the burn (Figure 15b) though these

differences were not significant.
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4.2.2 Snow Storage
The second year following fire, 2022, snowpack accumulation was bimodal with peaks

after the start of March and the second in mid-April, were peak SWE (early March) was
greater in the burned forest and open areas than the unburned forest at both peaks.
Accumulated SWE values in the open areas (SWE = 67.33cm, SD =4.16c¢m) surpassed
the burn areas (SWEn = 54.00cm, SD 5.36cm, SWEM=) by 25%. Concurrently, snow
depth was significantly different between the burn areas (P<0.05, snow depthy =
101.57cm, SD =24.92¢m, snow depthm = 113.61, SD = 20.80cm) and the open sites
(snow depth=138.25cm, SD=20.80cm, p<0.05). SWE was 43% lower and significantly
different (p<0.05) in the forest (SWE = 86.96cm, SD = 34.19cm) compared to the

average of all other sites (Figure 15a).

4.2.3 Snow Ablation
In the second year following fire, snow melted faster in the burned forest than the

open area, while snow disappearance date occurred earliest in the burned and unburned
forest but persisted into spring in the open area. Snow depth in the burned areas (Depthy =
79.21cm, SD = 10.67cm, Depthm = 82.50cm, SD = 13.89cm) at the start of ablation was
approximately 5 times the snow depth of the forested region (Depth = 15.70cm, SD=13.89,
p<0.05). SWE in the burned forest (SWEn = 173.78cm, SD = 8.90cm, SWEm = 162.40cm,
SD = 22.45cm) melted on average 1.46 cm/day following peak SWE, melting nearly three
times as fast as snow in the open meadow (SWE = 208.25cm, SD = 6.29, p<0.05). Snow
disappearance occurred sometime between the May 215t and May 30™ survey dates in high
severity and forested areas. However, snow disappearance occurred sometime between the

May 30™ and June 15" survey dates for moderate severity and open meadow areas.
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Figure 15: Snow Course Results for the 2022 survey year. Where A are the results for SWE (n=4) and B
are the Snow Depth Results (n=40). Snow depth and SWE reaching zero are not the true dates of them
reaching 0 but are readings for the snow survey at that collection date.
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Table 4: Lionshead Snow Survey 2022 Average and standard deviation of snow depth and SWE based on
collection date and Forest and burn severity type.

Date Severity Mean snow SD snow Mean SWE  SD SWE  P-Adj Tukey
depth (cm) depth (cm) (cm) (cm)
Feb-4 high 136.10 24.14 30.16 6.72 mod-hgh p=0.99
moderate 136.32 27.01 29.13 6.98 opn-hgh p=0.30
open 147.13 21.00 24.85 19.93 unb-hgh p=0.07
unburned 114.74 26.36 24.78 4.65 opn-mod p = 0.44
unb-mod p =0.14
unb-opn p <0.05**
Mar-4 high 101.57 24.92 54.00 5.36 mod-hgh p=0.35
moderate 113.61 27.18 40.40 20.51 opn-hgh p <0.05**
open 138.25 20.80 67.33 4.16 unb-hgh p=0.10
unburned 86.96 34.19 37.66 29.09 opn-mod p <0.05**
unb-mod p <0.05**
unb-opn p <0.05**
Apr-1 high 79.21 10.67 22.22 4.03 mod-hgh p=0.77
moderate 82.50 21.61 20.98 3.48 opn-hgh p <0.05%*
open 113.05 12.07 26.41 10.13 unb-hgh p <0.05%**
unburned 15.70 13.89 3.50 4.89 opn-mod p <0.05**
unb-mod p <0.05**
unb-opn p <0.05**
Apr-13 high 173.78 8.9 33.45 1.09 mod-hgh p <0.05%*
moderate 162.40 22.45 33.57 1.75 opn-hgh p <0.05%*
open 208.25 6.29 41.35 1.23 unb-hgh p <0.05**
unburned 72.20 10.33 7.160 1.52 opn-mod p <0.05%*
unb-mod p <0.05**
unb-opn p <0.05**
May-8 high 110.50 15.95 23.94 0.63 mod-hgh p=0.87
moderate 113.42 26.88 23.70 2.01 opn-hgh p <0.05**
open 149.15 11.44 34.07 2.01 unb-hgh p <0.05**
unburned 17.62 5.94 3.82 1.52 opn-mod p <0.05%*
unb-mod p <0.05**
unb-opn p <0.05**
May-21 high 43.23 16.35 10.74 1.36 mod-hgh p <0.05%*
moderate 62.80 20.22 14.81 1.16 opn-hgh p <0.05**
open 108.42 11.36 28.64 1.18 unb-hgh p <0.05%*
unburned 3.32 7.13 3.08 5.71 opn-mod p <0.05**
unb-mod p <0.05**
unb-opn p <0.05**
May-30 high 0.00 0.00 0.00 0.00 mod-hgh p <0.05%*
moderate 14.00 16.73 12.34 24.69 opn-hgh p <0.05**
open 56.79 7.49 19.75 4.04 unb-hgh p=0.91
forest 0.00 0.00 0.00 0.00 opn-mod p <0.05**
unb-mod p <0.05**
unb-opn p <0.05**
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4.3 Time-Lapse Photography Derived Daily Snow Depth From Three Burned
Forests (1, 2, 10, And 20 Years Following Fire)

Objective 2: Characterize recovery over time of post forest fire effects on snow storage and
snowmelt using continuous in-situ snow time-lapse photography and peak SWE surveys in
a 2-year old, 10-year old, and 20-year old burned forest relative to high severity, moderate
severity, unburned and open areas using time-lapse photography and snow stakes in
western Oregon cascades.

4.3.1 Time-Lapse Photography Derived Snow Accumulation the First Year

Following Fire

Using time lapse photography derived snow depth data. The first year following fire,
snow depth and accumulation rates were greatest in the open meadow (Figure 16, Depth=
89cm, SD =10.45cm) and lower in the unburned forest (Depth = 53.00cm, SD = 5.96cm),
moderate (Depth = 40.45cm, SD = 9.28cm), and high severity burn forests initially had
snow depths more similar to the unburned forest (Depth = 36.11cm, SD = 8.17cm).
However, Snow accumulation from February 2" to March 2™ in the high severity burn
region (SARu= 5.5 cm/day) was slightly greater than the rates in the open meadow (SARo
= 5.2 cm/day) allowing burn areas to catch up to the open meadow depths and contain more
snow then the unburned and moderate severity areas. Snow accumulation was highest in
the open meadow, and the high and moderate severity burns similar to open. Snow
accumulation in open and burned areas the following year (2-years-post-fire) differed from
the first year of data collection (Figure 19a). Up to peak snow depth, the unburned forested
site had notably lower accumulation rates likely due to greater interception from trees
(SARf= 6.6 cm/day) compared to the burned and open sites (SARumo0 ~ 10 cm/day,
Figure 10a).

In the 10-year-old fire, snow accumulation was the greatest in the burn areas (SMR =

7.5cm/day) and the open meadow had the lowest snow accumulation rate (SMR = 4.1
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cm/day, Figure 10b) varying from trends of the Lionshead forests. Open meadow sites
had lower accumulation rates were approximately half the accumulation rate of the burn
sites in the and is most likely attributed to site selection error (Figure19b). Peak
accumulation in the moderate and high severity burn exceeded snow depth in the open
and forested areas of the 20-years-old fire. Accumulation rates within high and moderate
severity burn areas were the highest at 6.5 cm/day. Interestingly, open and forested sites
had similar rates of accumulation around 6.0 cm/day (Figure 19¢), though site selection

error again needs to be considered for open regions of the 20-year-old fire.

4.3.2 Time-Lapse Photography Derived Snow Storage the First Year Following Fire
The open meadow had the greatest snow depth and high severity had the second

greatest snow depth the first year following fire. The open area had the greatest snow depth
at 278.65 cm and the high severity burn areas had the second greatest snow depth of 248.74
cm. Snow depth at the moderate severity site (Depth = 200 cm, Figure 16a) was notably
lower than the high and open meadow sites. Open meadow and high severity snow depth
values began to diverge near April 1% when snow at the high severity sites began to melt
at faster rates (4.14cm/day) than open meadow sites (2.23cm/day, Table 5). Open meadow
and high severity burn area snow depths decreased by 10% to 40%, respectively during the

month of March (Figurel6).
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Figure 16: Cumulative averaged snow depth data between four forest sites consisting of severely
burned, moderately burned, forested, and open areas (left). Data reveals accelerated ablation in the
high severity and moderately burned forest plots and snow disappearance in the forested and unburned.
Additionally, peak snow depths are highest within the open and burned region. Tukey plot and
significance values representing significant within the dataset for the LH 20200.

4.3.3 Snow Accumulation Using Peak SWE Surveys and Time-Lapse Photography
Derived Snow Depth Over 2,10, and 20 Years Following Fire
Using April 1% snow course measurements in the Lionshead Fire (2" year

following fire, Figure 17a), we observed peak SWE as18% greater in the open meadow
(SWE =26.42cm, SD = 10.13cm, Figure 17a) compared to the burn areas (SWEn = 22.22
cm, SD = 4.03cm, SWEm = 20.98 cm, SD = 3.48cm) and was 83% lower in the forest
(SWE =3.58cm, SD = 4.89cm) than in burned areas. Peak snow depth in the two-year-old
fire had similar trends, with the highest snow depth occurring in the open meadows (SWE
=113.3cm, SD = 12.13cm) and lowest in the unburned forest (Depth=15.7cm, SD = 13.89,
Figure 17b). High (Depth = 79.67cm, SD = 10.14cm) and moderately burned sites (snow
depth = 82.50cm, SD = 21.61 cm) had similar snow depth and on average 80% greater

depth than the forested region.
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Snow in the high severity burn was the most similar to snow in the open via the
time-lapse photography derived snow depth of the Lionshead Fire (2" year following fire).
High severity burned forests (Depth= 225.13cm) and open meadows (Depth = 235.1cm)
shared similar peak characteristics and melt rates (SMRu = 1.83cm/d, SMRo=1.77cm/d)
for the peak snow values. The forested region had 34% less snow (Depth = 153.58 cm)
than the high severity region and was significantly different for the month of March
(p<0.05). In April this relationship persisted (p<0.05). At the time of the peak SWE survey,
the time-lapse imagery derived similar values of depth as those from in situ surveys. Open
areas peak accumulation was the greatest (Depth = 110cm) high severity and moderate
severity burned forests snow depth peak accumulation was greater than the unburned forest
(Depth = 6.5cm, p<0.05), resembling snow accumulation patterns of the open meadow
(Figure19a).

4.3.4 Shadow Lake Fire)- 10 years following fire
Peak SWE measurements in the high and moderate severity burn regions of the Shadow

Lake Fire (Figure 17b, 10-years following fire) moved closer to the open meadow. Peak
SWE differed by only 5% among all burn and forested types within the 10-year-old fire
(SWE = 29.13, SD = 5.72cm ), SWE was slightly higher in the open meadow (SWE =
32.49cm, SD = 6.42c¢m) than the moderately burned area (SWE = 29.57cm, SD = 3.08cm,
Figure 12b), high severity burn (SWE =29.99cm, SD = 4.44cm) and forested areas.
Average depth was significantly greater within the open, high, and moderate
severity burn areas as compared to the forest (p<0.05) according to time-lapse photography
derived snow depth. In the Shadow Lake Fire (10 years following fire), the open meadow

(Depth = 149.32cm) was 32% lower than snow depth within the high severity burn area
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(Depth = 218.62cm, Figure 19b) and 36% lower than snow depth in the moderate severity
burn area (Depth = 233.97cm, Figure 13b). Peak snow depth in the high and moderate
severity burn was only 5% and 10 % greater than snow depth in the forested plot,
respectively (Forest = 207.71 cm). In March, snow depth was significantly different
between the open meadow and all other sites (p<0.05, Figure 19a). Snow melt rates during
the mid-winter melt period were highest in the open region (SMR=1.05cm/d) and lowest
in the burned regions (SMRy= 0.55cm/d, SMRy = 0.57cm/d) and by the month of April
the only sites significantly different where open and moderate sites (p<0.05).

4.3.5 B and B Fire -20 years Following Fire
SWE values in the high severity and moderate severity burn areas exceed SWE in the open

meadow (Figure 17¢). The high severity burn area (SWE = 18.15cm, SD = 0.84cm) and
moderate severity burn area (SWE = 19.38cm, SD = 3.10cm) had the highest SWE values.
SWE of the moderate severity burn area had the highest retention capabilities while the
forested site had the lowest (Figure 17¢). Of all study regions, B and B sites had the lowest
variation in snow depth between measurements. High severity burned areas had become
less variable across classes (Depth = 79.67cm, SD = 10.14cm), more closely resembling
open meadow peak snow (Depth = 113.3 cm, SD = 12.13cm) however it was the moderate
severity snow depth (Depth = 89.18cm, SD17.00) that was closest to the open meadow
(Depth = 94.75cm, SD = 20.99). Mean peak snow depth of open, high, and moderately
burned sites all had similar mean snow retention patterns

Average depth was significantly greater within the open, high, and moderate
severity burn areas as compared to the forest (p<<0.05). Time-lapse derived snow depth was

greatest in the burned forests compared to the open and unburned forests. Snow depth
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peaked in the moderate severity burn region (Depth = 211.95 cm, Figure 19¢) and was 5%
greater than snow depth in the high severity burn (Depth = 200.96cm). Snow depth in the
high severity burn was approximately 14% greater than snow depths in the open area
(Depth = 176.73cm, p<0.05) and forested region (172.74cm, p<0.05) at their peak snow
depth on January 5%. Snow melt rates of the high severity (SMR = -1.55¢m/d) and moderate
severity sites (SMR = -1.60cm/d) were lower than the mid-season melt rates in the forest
(SMR = -1.72 cm/d). Snow depth decline considerably in the forested region (snow depth
= 117.45cm) was now 20% lower than snow in the high severity burn area (Depth =
149.79cm). Snow depth in the moderate severity (Depth = 144.65) region was now within
1% of the high severity burn. The drastic decline of snow depth within the forested region
caused the difference between the forest and all other sites to remain significant (p<0.05,

Figure 19c).
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Figure 17: Lionshead (LH)~Immediately Post Burn (a), peak SWE was highest in open areas and lowest in
unburned, depth follows very similar trends as SWE. Moderate and high severity have similar depth to SWE
trends, but we see greater variability of snow depth in moderate severity sites than high. Burn areas generally
follow immediate post fire trends where moderate and burn sites have accumulated similarly. Shadow Lake
(SL)-10 (b) years post burn SWE at moderate and high severity sites followed similar trends to SWE at open
and unburned site though, variability of SWE at open sites was more significant. In the shadow lake fire SWE
and open are even more similar to high severity. B and B (BB) ~20 years post fire (c) open moderate and
high severity all follow similar depth and SWE trends. Depth and SWE at unburned sites was about half the
SWE of open, moderate, and high severity. Moderate and High severity SWE had surpassed the open site
retention during peak SWE.

Table 5: Mean and standard deviation of peak SWE and peak snow depth values across a 2-year-old fire,
10-year-old fire, and 20-year-old fire, following Peak SWE survey during the 2022 winter collection season.

Mean Lionshead Lionshead Shadow Shadow B and B B and B SD
Peak SWE Mean SD (cm) Lake Mean Lake SD Mean (cm)
(cm) (cm) (cm) (cm) (cm)

Open 26.42 10.13 31.11 6.42 16.29 4.72
High 22.22 4.03 29.99 4.44 18.15 0.84
Moderate 20.98 3.48 29.75 3.08 19.38 3.10
Forested 3.58 4.89 29.13 5.716 6.42 1.80
Mean Lionshead Lionshead Shadow Shadow B and B B and B SD
Peak Mean SD Lake Mean Lake SD Mean

Depth

(cm)

Open 113.3 12.13 49.83 7.77 94.75 20.99
High 79.67 10.14 109.50 110.0 68.425 23.60
Moderate 82.50 21.61 115.40 19.63 89.18 17.00
Forested 15.7 13.89 95.28 100.5 11.55 16.31
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4.3.5 High severity burned forest SWE recovered to resemble that of the open
meadow SWE over 20 years following fire

Normalized SWE (relative to open meadow SWE as reference SWE) 2 -year old high
severity burned forest and the moderate severity burned forest varied little from each other
but considerably from the forested sites (Figure 18) in the 2-year-old fire. Differences
between the burns and the open area was 78% greater in the 2-year-old fire than the 20-
year-old fire. Normalized measurements in a 10-year-old fire showed that the difference in
SWE between the high severity burn area (NSWE = 4.44, SD = 2.49cm) and open region
was higher than the 2-year-old burn by 5%, while the difference between SWE in the open
and the moderate severity burn was lowered by 43% (NSWE = 3.08, SD= 2.74cm).
Normalized peak SWE values for the 20-year-old fire saw high severity SWE (NSWE = -
1.85, SD=0.84cm) being the most similar to the open areas but had negative values
indicating that high severity had higher peak SWE than the open region. Snow within

moderate severity burn areas also surpassed peak SWE retention of open (NSWE=-3.08,

SD =3.11cm).
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Figure 18: Normalized SWE across landcover type: Normalized SWE shows the smallest differences from
open compared to high severity at the 20-year-old B and B site with the smallest amount of variability. SWE
was the most different between high severity and open immediately following burn. 10 years post burn had
the most variable high severity storage capabilities.

Table 6: Mean peak SWE normalized against open region values across a 2-year-old fire, 10-year-old fire,
and 20 year old fire following peak SWE survey winter collection year 2022.

SWE Normalized Lionshead Lionshead Shadow Lake Shadow B and B B and
by Open (¢cm-cm) Mean SD Mean Lake SD Mean B SD
High 4.19 4.03 2.49 4.44 -1.85 0.84
Moderate 5.43 3.48 2.74 3.08 -3.08 3.11
Unburned 22.83 4.89 3.35 5.71 9.87 1.80

4.3.6 Snow ablation using time-lapse photography derived snow depth in three
burned forests 1, 2, 10, and 20 years following fire Snow melt rate, mean monthly
depth, and snow disappearance day

Melt rates in high severity burn areas were twice the rate of the open meadows
causing snow disappearance to occur 15 — 20 days earlier than the open meadows. The
snow melt rate at the high severity site was the fastest at 6.61 cm/day and snow melt in the

open was 5.11cm/day. Average snow depth remained the highest in the open meadow for

the month of April (Depth = 161.12cm, p<0.05) and into the month of May when most
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snow disappearance occurred (Depth = 15.06cm). Similar to 2021 snow survey results,
snow depths in the forest and the high severity burn where equivalent on April 15", Snow
disappeared on April 29" in the high severity burn area and on May 15" in the open
meadow (Figure 16). Snow in the forest melted off on May 12, 3 days earlier than snow
in the open meadow and about 17 days later than the snow in the high severity areas
(p=<0.05).

4.3.7 Snow melt rate mean monthly depth, and disappearance date of a 2-year-old fire

(2022)

Snow depth in the unburned forest was significantly lower than high and moderate

burn areas (Figure 19a, p<0.05) making snow disappearance date almost two weeks
later in both burned areas compared to the forested areas (ASDD = -13 days). The second
accumulation period occurred near the middle of April and doubled the snow depth of the
open, moderate, and high severity burn areas. The end of the season melt period from peak
SWE (April 1%) to the site’s snow disappearance date was more rapid in the high severity
site (SMR = -1.83cm/d) than the open meadow (SMR = 1.77 cm/d). Average snow depth
in April within the open meadow (Depth = 157.35cm) was approximately 25% greater than
the high severity site (Depth = 118.04cm) and had 33% more snow than the moderate site
(Depth = 91.15¢m, p<0.05). In May, snow disappearance date was 10 days earlier in the
burn regions than the open, but the snow in the forest melted off 14 and 24 days earlier

than the burn and open meadows, respectively (p<0.05).

4.3.8 Snow melt rate mean monthly depth, and disappearance date of a 10-Year-Old
Fire (2022)

Snow disappearance occurred within three days among all sites. In the 10-year-old fire,
average snow depth at the beginning of melt was the highest for the moderate severity burn (Depth

= 165.19 cm) with the high severity burn close enough to not have a significant relationship (Depth
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= 154.21cm, Figure 19b). The forested areas (Depth =144.08cm) and the high (Depth = 154.21¢m)
and moderate severity areas (SMR = 165.19, p<0.05) all had average monthly snow depths that
were greater than the open meadow (Depth =116.08cm). As melt progressed mean snow depth in
the open (Depth = 84.72c¢m) did not differ from the high severity burn area (Depth = 92.25¢m) and
moderate severity burn area (Depth = 106.59). The forested region (Depth = 90.25¢m) was irregular
through this period and retained snow totals similar to the high severity burn area. Snow melt rate
from peak SWE to the date of snow disappearance was highest in the moderate severity forests
(4.39cm/day). So, despite a higher melt rate, snow disappeared in the high severity burn within 3
days of the other sites. Snow melt rate in the high severity and moderate severity areas was
4.01cm/day. Melt rate in the open meadow area was 3.22 cm/day. The snow disappearance dates

for all sites spanned four days (Open 6/1, Moderate Severity 6/2, High Severity 6/2, Forest 6/4).

4.3.9 Snow Melt Rate Mean Monthly Depth, And Disappearance Date of a 20-Year-
Old-Fire (2022)

Snow disappeared 4-5 days later in the burned areas compared to the open areas becoming
less like the open meadow. Burned forests had the greatest average monthly snow depth
10-years post fire and 20—years post fire (Figure 19c). The average monthly snow depth at
the start of ablation was highest in the open areas (Depth = 122.55cm) where depth dipped
below the open for both for high severity (Depth = 113.41cm), and 110.04cm for moderate
severity, while the average snow depth in the forested regions was 68.67cm (p<0.05). In
the 20-year-old fire, during the midwinter drought, forested sites were the most susceptible
to snow loss. During the end of season melt from peak SWE to SDD, the snow melt rate
was highest in high severity burn (SMR = -3.74cm/d) and moderate severity burns (SMR
= -3.62cm/d) compared to the forest (SMR = -3.35cm/d). However, snow totals before the

final melt in April where on average 50% greater in the burn areas than the forests. This
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helped the moderate (SDD = 05/23/2022) and high severity burn areas (SDD = 05/24/2022)

have between a 4-5 day later snow disappearance dates than the forest (SDD =05/19/2022).
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Figure 19: Continuous snow depth timeseries (top) and Tukey significance plots (bottom) among three burn
areas with respect to forest fire recovery derived via time-lapse photography (top). Far right is snow depth
from the Lionshead fire immediately following burn, middle is snow depth following intermediate recovery
via the Shadow Lake fire and 10 years from burn, and right is the B and B with advanced recovery following
20 years post burn. A * indicates a significant of <0.05.
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4.4 Spatial variability in the recovery of burned forest and effects on snow coverage

Objective 3: Evaluate the spatial variability of the recovery of forest fire effects on snow
covered area using remote sensing derived snow extent in the western Oregon Cascades.

4.4.1 Snow accumulation
Immediately following fire, snow extent in March was greater in the burn region

than the open meadow (Figure 20, 10%). Near intermediate recovery differences in snow
extent between burn regions and the open became smaller. During intermediate recovery,
snow cover area differences between the burn and the open regions where within 2% of
each other and were constant up until advanced recovery in March. In advanced recovery
the burn region had 5% greater snow extent in March. Advanced snow extent was higher
in the burn region compared to the open meadow (Figure 13, +2%) for March 1%, but on

March 15", snow extent was 10% greater in the open meadow.

4.4.2 Snow Ablation
Immediately following fire, April snow cover area extended 5% more into the open

are then the burn lower in the burn region than the open meadow (Figure 20). However, by
intermediate recovery snow cover extended 3% more into the high severity burn area. At
the start of the advanced recovery period, snow cover extended to be 2% greater in the high
severity regions than the open. Immediately following the fire, snow extent was 11% higher
in the open meadow compared to the burn region for the month of May (Figure 20). Over
the next 5 years, snow extent during the month of May gradually got closer to having equal
snow extent in the open and the burn. At intermediate recovery snow extent was 2% greater
in the open region and was consistent for the entire intermediate period. Once in advanced
recovery snow at 20 years following fire was slightly greater in the HS burn area then the

open region, but this declined further into advanced recovery.
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Figure 20: Snow extent over time and recovery, each line represents a different snow extent for the date of
the 2021 season snow extent. Variability decreasing around 2017 and then become more obscure around 15
years following fire. Where then snow extent variability levels out again. Above 0 on the horizontal
characterizes more snow in the high severity region than the open buffer and below that line represents more
snow in the open buffer as compared to the open. The vertical access is the percent difference normalized by
area.

4.4.3 Environmental Conditions Characterizing Snow Disappearance Date

We collected data from 12 distinct spatial datasets throughout 26 fires within the
Willamette Watershed. The first 5 variables we describe as environmental predictors (i.e
mean precipitation, mean temperature, canopy height, canopy bulk density, Figure 21). The
largest variability of snow disappearance date among these variables is mean precipitation
and mean temperature. Mean temperature shows the inverse, where snow disappearance

decreases later with lower overall temperatures.
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Figure 21: Summary of raw data of Mean Precipitation (top lefi), mean temperature (top right), canopy
height (bottom left) and canopy bulk density (bottom right) as they relate to snow disappearance date.

Two sets of predictors collected as ecological datasets show four differing tree species
(evergreen, grasslands/herbatious, shrub, and woody wetlands). In general grasslands
produced the latest snow disappearance date with the greatest amount of variability. The
sample size for wetlands is low and is therefore disregarded for the remainder of the study.
Evergreen and shrublands have similar slightly earlier snow disappearance with

distributions spread on the earlier side of snow disappearance for both datasets (Figure 22).
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Figure 22: Summary of raw data of vegetation derived from NLCD as it relates to snow disappearance
date.
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Topographic predictors (i.e. latitude, longitude, slope, aspect, and elevation within the 13k-
15k threshold) varied greatly with snow disappearance dates (Figure 23). Latitude and
Longitude had the greatest variance in snow disappearance dates, where snow
disappearance was earlier in higher latitude regions and had a greater variance, and snow
disappearance was later among higher latitude regions and less variable. Snow
disappearance with higher longitude disappeared both the earliest and the latest. Mid-
longitude tended to have a more moderate snow disappearance date. Elevation and mean
temperature are negatively correlated (r =-0.65) with each other, as are latitude and years

since fire (r = -0.64), and canopy height and years since fire (r = -58).
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Figure 23: Summary raw data of Slope Angle, Aspect, Elevation within the prime snow zone, Longitude and
Latitude as they relate to snow disappearance date.

4.5 Multivariate Analysis to Parse Out the Geographic, Topographic, and
Environmental Variables Responsible for Snow Disappearance Date

4.5.1 PCA Feature Extraction
Environmental and topographic variables were used in a principal component

analysis (PCA) to (1) identify dominant relationships within and between variables and (2)
to reduce the number of strongly co-linear potential predictors for regression tree-based
modeling framework exploring snow disappearance-fire recovery relationships. From the
winter of 2021, PCA resulted in 11 principal components (PC1 — PC11) with 4 eigenvalues

greater than one, capturing ~66% of the total variance across datasets (Appendix C). The
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first two principal components alone account for almost half of the variance within the
dataset (~46%, Figure 24).

PCI is representative of geographic variables dependent on location. The largest 5
variables contributing to PC1 (2= 78%) are years since fire, latitude, mean temperature,
mean precipitation, and elevation (Appendix B, Appendix C). PC1 is positively correlated
with years since fire, latitude, mean temperature, and elevation (r = 0.403, r = 0.473,
r=0.327) and negatively correlated with mean precipitation (r = -0.328, Appendix C). One
PC was found to be significant (Comp.1). PC1 alone makes up ~33% of the variance and
is defined in scree/broken stick model as the only observed proportion of the variance that
1s higher than the corresponding broken stick model (Appendix B).

Through visual inspection we can draw qualitative conclusions from our PCA
biplot based on the horizontal (PC1) axis (Figure 24). The plot compares all variables
against categorical groupings based on NLCD data. Points associated with evergreen
forests form a small cluster where we can deduce that higher latitudes, greater precipitation,
higher canopy, and later snow disappearance are loosely associated with Evergreen
abundance as well as more recent forest fires (Figure 24). Grasslands are associated with
lower latitude, less precipitation and lower canopy height, as well as earlier snow
disappearance and higher temperatures (Figure 24). Shrublands have a wide distribution

and lower sample size and are challenging to interpret (Figure 24).
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Figure 24: PCA Biplot showing each site plotted according to its corresponding eigenvalue and significant
PC axis. The eigenvectors of each value are plotted as arrows and titled in red. Categorical variables for
NLCD where mapped and grouped providing some in-site concerning the distribution of the three land cover
classifications. We can “drop” the 306 objects along the axis from the left to right. Along PCI (from the left
to the right), all specimen of evergreen (pink) are located on the left side of the axis and tend to form a
cluster. The ‘clustering’ of these data points in the PCA space means the specimen are relatively similar to
each other in terms all measured variables. Evergreen forests have a more tightly concentrated distribution
of points. On the other hand, the specimen grasslands (green) are located further away from evergreens and
intuitively are less similar. While shrubs are relatively more similar to grasslands than evergreen forests.
Where grasslands are more present as years since fire increases. Shrubs have a larger range of distribution
but is more centered around the axis.

4.5.2 Classification Tree Split Decisions on Snow Extent
To reduce the complexity of the model and avoid overfitting the decision tree we

applied dimensional reduction to our dataset through PCA feature extraction. Component
1 can be reduced by three variables (aspect, slope angle, and canopy bulk density). The
remaining 8 variables are applied to a decision tree (canopy height, latitude, longitude,
snow disappearance date, elevation, mean precipitation, mean temperature, and years since
fire) where the differences in snow disappearance date are compared against the 7
variables. Up to 7 separate nodes were developed in the original decision tree, each node
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representing a primary influence on snow disappearance. The order of nodes reflects the
hypothesis that the snow disappearance date and extent increase with greater recovery
periods. The resulting snow-years since fire are mapped to provide a visual representation
of the hypothesized effect of forest recovery on snow extent across the landscape.
Node 1: Strong Influence of Latitudinal Location on snow disappearance date
Latitude exerts a strong control on the spatial distribution of snow with 4 times the
influence of the secondary deciding variable (Appendix B, Latitude = 43). Latitude was
the sole decider of snow disappearance date (n = 40, Appendix B). On latitudes under 43
degrees, 8 sites reported snow disappearance dates near March 13" (JD=72 days) and 32
of the sites at latitudes between 43 and 44 degrees were snow free around April 1% (JD=91
days). Snow disappearance at sites located at latitudes greater than 44 degrees north were
dependent on years since fire (n = 265).

Node 2: Magnitude of forest fire recovery effect on snow disappearance date
Snow disappearance dates on average occur earlier immediately following fire (1-

10 years, Figure 25) as compared to intermediate (10-20 years) and advanced recovery
(20+years). Snow disappearance dates had greater variance immediately following fire
with snow disappearance occurred anywhere from March 31% (JD=98 days, n=12) to May
5% (JD = 126 days, n=21). Following intermediate and into advanced recovery, (n =107) a
few sites saw snow disappearance around April 17" (JD=107 days, n=11), while a majority
of the sites disappeared near May 1% (JD =121 days, n =66) and near May 9" (JD = 129

days, n = 30)
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Node2a: Environmental susceptibility of snow disappearance date immediately
following fire

Immediately following fire, snow disappearance was more susceptible and
responsive to environmental and geographic factors. Greater susceptibility to mean
precipitation occurred below 1010m. Sites with less than 2107mm of mean precipitation
disappeared on March 315 (JD = 90 days, n = 7) and sites with greater than 2107mm of
precipitation disappeared 15 days later (JD = 105 days, n =19). When elevation was less
than 1010m, canopy height decided snow disappearance. Snow disappeared near April 14"
if canopy height was greater than 290m. If canopy height was less than 290m the canopy
type and then latitude would decide disappearance. Shrubs caused earlier disappearance
(JD =108 days, n = 18) than evergreens, and northern evergreens disappeared 12 days
earlier (Latitude>=45, JD = 113 days, n = 40) than southern evergreens (Lat<45, JD=125
days, n = 15). If elevation was greater than or equal to 1017m, few other factors affected
snow disappearance. Canopy height less than 210m melted snow around the 19 of April
(JD = 109 days, n =18). Canopy greater than 210m saw snow disappear on April 16" and
May 6™ (Longitude +/-122).

Node2b: Snow disappearance date during intermediate (10-20 years following fire)
and advanced (20 + years following fire) recovery.

Overall, snow disappears later 10 years following forest fire with variations
dependent on latitude and then canopy height. Earliest disappearance occurring on the 17"
of April for 11 sites where canopy height was greater than and equal to 210m in smaller
canopy (<210m), 66 sites disappeared near May 1% (JD = 121days). Snow at sites with the
latest snow disappearance date occurred the farthest north during intermediate and
advanced recovery (Latitude > 44). Snow here disappeared near May 9" (JD= 129 days, n
= 30).
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4.5.3 Pruned Tree - Cross-validation plot
Cross validation was used to find the optimal pruning of the decision tree and to

avoid overfitting. At current, the decision tree was over-fitted making it challenging to
understand the magnitude of the influence of the different features. The appropriate depth
of the tree found after averaging 5 tests, the Cp (Cp = 0.045, Appendix B) was determined
based on the test decision tree that provided the greatest accuracy of the model (0.93). The
pruned tree split the data into two separate nodes, where latitude less than 43.87 produced
an average snow disappearance date on the 27" of March (JD = 86.28, Figure 25). All sites
occurring at latitudes greater than 43.87 where primarily dependent on years since fire.
Where if fire occurred immediately or within 2 years of the winter of 2021, then average
snow disappearance date occurred on April 22" (JD = 112 days, Figure 25). Snow within
fires that occurred following the intermediate recovery period had disappearance dates
around May 2™ (JD = 122 days, Figure 25), for the winter of 2021. Snow disappearance
day occurred 11 days earlier immediately following fire than snow within sites with

intermediate and advanced recovery.
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Figure 25: Pruned decision tree, where 86.28 represents the mean snow disappearance date for snow located
at latitudes less than 43.87°. The next node represents the difference between years since fire, where
immediately and two years following fire, snow disappears on a mean Julian date of 111.9 so where
intermediate and advanced recovery sites disappear on average 10 days later.
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5. DISCUSSION
In this study we use a mix of methods to evaluate forest fire effects on snow hydrology as
a function of forest recovery to complement previous research assessments. Our method
draws on data generated from remote sensing-based open source data to compliment an in-
depth analysis of in situ field testing. Additionally, forest fire recovery is analyzed as a
function of scale, based on the assumption that the main challenge with varying data
collection types, is a level of error associated with either environmental factors, data
resolution, or availability. By considering a wide spectrum of data types and scales we are
able draw more conclusions concerning post forest fire influence on snow immediately to

years 20 + years following fire.

5.1 Objective 1: Quantify immediate post forest fire effects on snow storage
potential and snowmelt using snow course transects in the western Oregon
Cascades.

Wildfire is changing forested ecosystems (Westerling 2006), which has cascading
impacts on watershed hydrology (Adams 2013). Maritime temperate domains of the
Western Oregon Cascades affected by forest fire realize shifts in snow accumulation
patterns. Accumulation rates and snowpack storage capacity increase in burn forests
immediately following fire when compared to snow of the unburned forests. [lluminating
the superior accrual of snowpack during individual snowfall events as a response to a loss
of canopy cover, consequential of forest fire. Few distinguishing factors are responsible for
differential snow accumulation within PNW watersheds following fire, first is that forest

modifications through up to a 300% reduction of canopy density (Gleason 2013) decreases

snow interception by approximately 60% of its previous state. Second, is the decrease of

73



energy input to the snowpack associated with lower longwave radiation inputs. Previous
studies evaluated snowfall interception (Hedstrom and Pomeroy 1998; Essery 2003; Rutter
2009), insect defoliation (Boon 2012; Mikkelson 2013), clear cutting and silviculture
(Lundquist and Dickerson-Lange 2013; Dickerson-Lange and Lutz 2015; Harpold 2020;
Krogh 2020; Schneider 2019), and burn vs. unburned forests (Gleason 2013; Burles and
Boon 2011; Winkler and Others 2011), identify reduced canopy density and foliage
contributing to increased snowpack. Results from this study show a clear and consistent
increase to snow storage and therefore water yield over the two years immediately
following fire that are comparable to the yields of nearby open areas. Supported by the fact
that a level of correlation is associated with tree mortality following forest fire and a deeper
and more dense snowpack (Maxwell and St. Clair 2019). These patterns are consistent with
findings found following the Las Conches fires in New Mexico (Harpold 2014) and the
Cameron Peak fire in Colorado (McGrath 2023).

Moderate and high severity sites show a less dramatic response to the mid-winter
snow melt then under forests during the winter of 2022 (Lundquist and Dickerson-Lange
2013). Midwinter, sloughing of burned woody debris and black carbon had not begun to
concentrate on top of the snowpack to an extent that drives a significant decrease in
snowpack reflectivity. Additionally, lower solar incidence angles in the winter diminished
the energy inputs to the snowpack surface (DeWalle and Rango 2008). Indicating that sub-
surface particulate matter during the mid-winter melt event had not absorbed enough
incoming solar energy to drive early snow melt. Mid-winter snowmelt was less severe in
the open, high severity, and moderately burned areas than in the forest, which lost 80% of

its SWE and 70% of its depth between April sites visits. Disagreeing with previous research

74



which considers the influence of wildfire on mid-winter melt and saw declines of snowpack
during the same winter (Hatchett 2023).

Following the vernal equinox, commonly falling around the end of March, a shift
occurs where the days get longer, the sun gets higher, and the snow begins to absorb more
energy. As the snow begins to melt, black carbon and other particulate matter more readily
concentrates closer to the snowpack surface. This causes a 40% decrease in spectral albedo
(Gleason 2013) and a combined 200% increase of net shortwave radiation (Gleason 2013)
through reduced canopy cover. With the increase in solar energy comes higher rates of
snowmelt in high severity burned forests. As a result, the benefits initially seen to snow
storage during the accumulation phase quickly diminish and snow melt rates double
provoking snow disappearance 24 days earlier in the burn region compared to the meadow.
The initial increase of snowpack during accumulation in the burned forest supports our first
hypothesis that snow storage in burn forests are more like open meadows. Indicating at
their potential to increase water storage if snow albedo increases while forest canopy

remains open.

5.2 Objective 2: Post forest fire effects on snow storage and snowmelt as a function
of recovery using continuous in-situ snow time-lapse photography and peak SWE
surveys in a 2-year old, 10-year old, and 20-year old burned forest relative to high
severity, moderate severity, unburned and open areas using time-lapse photography
and snow stakes in western Oregon cascades.

Distinctions become apparent in intermediate recovery, were the mass balance of
the snowpack affected by trade-offs between increased net shortwave radiation due to
LAP’s and decreased canopy interception (Varhola 2010) begins to shift. Previous research

identifies a period of 6-10 years post fire were post-fire snow albedo increases (Gleason

2019) as a result advanced SDD begins its decline after 8 years post ignition (Gleason
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2019). Our research initially identified that snow accumulated at similar rates among all
burn area’s respective burn sites, exceeding snow accumulation of what is assumed in
previously forested states. And through the progress of forest recovery, the moderate and
high severity sites progressively outperform the storage capabilities of burn areas in earlier
stages of recovery, were eventually the burned areas have higher peak accumulation than
the open.

Snow in the moderate severity burn areas had the most noteworthy snow dynamics
(greatest depth and SWE) indicating that the slight increase in canopy cover, may provide
some influence on snowpack quantities. On one hand it can protect from wind (P. D.
Broxton et al. 2015; Currier and Lundquist 2018) and direct solar radiation (Xue 2022) and
increase snowpack, on the other hand, it can litter the snowpack surface with organic debris
(Gleason 2013; Burles and Boon 2011; Wiscombe and Warren 1980) and increase the
input of longwave radiation (Harding and Pomeroy 1996; Seyednasrollah 2013) decreasing
snowpack. Moderate severity burn forests of intermediate and advanced recovery may have
greater snow content as they are more closely related with the location identified as “cold
and early” forest-snow class in Dickerson-Lange 2021. Here, a range of canopy gaps and
thinning intensity is associated with greater snow in such regions. Opposing the “warm and
early” snowpack which states that longer snow duration in larger forest gaps, which could
be more closely associated to the Lionshead burn location.

In response to the mid-winter drought experienced in the winter of 2022, snow
retention was maintained in high and moderate severity burned forests among all recovery
periods while it was lost in most forested areas. This could be an important finding in our

work suggesting that burned areas in warm Maritime climates could work to buffer the
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influence of complex mid-winter climate effects. However, recent research in the Sierra
Nevada Mountains, opposes this finding, stating that a 25 — 71% decline in broadband
snow albedo at burned sites enhanced midwinter melt following the same multiweek dry
spell in 2022 (Hatchett 2023), while also finding that minimal melt occurred following
similar meteorological conditions in 2013. Indicating the need for further research to fully
understand these present findings.

End of season snow melt rates were lowest in advanced recovery and highest
immediately following fire. This noteworthy difference is potentially the result of lower
snow surface debris concentrations in the burn forest with respect to recovery, where the
mass of debris deposition was found in past research to be reduced by 62% from
immediately following fire to near 15 years following fire (Gleason 2013). Snow
disappearance date was 13 - 24 days later in burn regions compared to the open meadows
immediately following fire. While in later stages of forest recovery snow disappearance
date became synchronous among all forest types, being within just 2 or 3 days of each other
in the intermediate recovery burn areas. Snow disappeared 11 days later in the 10-year-old
fire compared to the 2 year old fire and 20 year old fire, 5 years earlier than the effective
albedo decrease began to subside (Gleason 2019). Earlier snow disappearance in the
advanced recovery burn area was unexpected and it could be considered that the 20-year
old fire was beginning to return to its pre-fire state, due to the difference between snow
disappearance dates from the forested site and the burn site decreasing from 11 days to 4
days in intermediate to advanced recovery, respectively. A potential theory is that melt
rates at the bottom of the snowpack could have greater influence by the rise of net radiation

due to canopy regrowth coupled with warmer ambient tempers and increased solar
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radiation. Though not a quantity tested in this study, it has been found that more uniform
snowpack, such as what is found in a burn area, are more sensitive to a shallower snow
depth (Broxton 2021) and melts earlier due to greater energy exposure per unit SWE
(Badger 2021).

Uncertainty caused by systematic errors, climate gaps, and complex snow factors,
limit the usability of these fine scale results alone. As mentioned, the climate between the
Shadow Lake, B and B and, and Lionshead burn areas had noteworthy distinctions. The
Shadow Lake and the B and B burn areas, closer to the Cascade divide, ended up presenting
as colder higher elevation snowpack’s, with less dense canopy. Furthermore, the forested
area in the Shadow lake burn had lower canopy and stem density, and the snow under this
canopy had parallel character to the open and burned regions, opposing our expectations
and past research. Finally, both the open meadow sites in the B and B and Shadow Lake
were inundated with water at the start of accumulation, likely influencing SWE and snow

depth measurements of our control sites, limiting their merit.

5.3 Objective 3: Evaluate the spatial and temporal variability of the recovery of forest
fire effects on snow covered area using remote sensing derived snow extent in the
western Oregon Cascades.

We observe several interesting relationships between vegetation, topography,
precipitation, temperature, and snow extent across the Willamette Watershed. Fires burn
in complex ways across landscapes due to variations in fuel loading, fire weather, and
topography (Burles and Boon 2011). Parsing out the variability helped to distill the
dominate factors related to snow disappearance within wildfire boundaries. The broad scale

spatial analysis explained that snow cover area immediately following burn overall is

greater in open meadows. Except for in March during peak accumulation. In intermediate
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recovery snow extent is alike between the open and burned areas with little variability. We
see similar trends with time-lapse imagery of the Shadow Lake fire and peak SWE surveys
were the open meadows and burn areas are the most similar during intermediate recovery.
It is during this period that the data supports our hypothesis that snow in the open and burn
become more similar for all winter months following intermediate recovery.

Since fires burn and snow falls in complex ways across a landscape parsing out the
variability helped to distill the dominate factors related to snow disappearance within
wildfire boundaries. Throughout the seasonal snow zone forest recovery itself can vary
greatly, and many of the sub-regions within the Willamette Watershed will see post-fire
climate conditions shift. Surprisingly explicit factors most associated with the loss of snow
on a point-based scale, such as aspect, slope and canopy density, had little to no input to
the data within the wider reaches of the Willamette watershed. Geographic features, such
as latitude, mean precipitation, and longitude, all have a strong influence on the controls of
snow disappearance date.

An influential feature was the forest fire recovery factor were our analysis confined
the dataset to two classes, immediate recovery, and intermediate and advanced recovery,
where generally earlier snow disappearance dates are associated with more recent fires and
later fires are associated with later snow disappearance dates. Immediately following fire,
the relationships between the remaining factors is complicated. As mentioned throughout
this study, snow immediately following fire and during the ablation period, have high
concentrations of particulate matter (Gleason 2013), where we see snow melt rates
indicating that the factors that influence melt are highly vulnerable to even small shifts in
environmental change.

79



Snow in burn areas immediately following fire melted off on average 10 days
before forests in intermediate and advanced recovery. Interestingly, our in-situ time-lapse
study marked the difference in snow disappearance date between burns immediately
following fire and in intermediate recovery as 11 days. Therefore, we see that comparing
these modeled results to snow disappearance of more accurate in-situ data, we are able to
derive consistencies between scale and temporal evaluation. Our simplified dataset
identified three Julian dates for snow disappearance. One that was primarily dependent on
the lowest values of northings and the second that was primarily dependent on the recovery
period. Snow under forests immediately following fire melted off an average of 10 days
before forests in intermediate and advanced recovery. Looking at the other pieces of this
study, such as the snow disappearance date derived from the snow survey or time-lapse
photography immediately following burn. Snow disappearance date also occurred on
average 10 - 11 days earlier in the burn forest compared to the open area. Therefore, we
see that comparing these modeled results to snow disappearance can help conclude that
snow disappearance duration increases with respect to forest fire recovery, and increased
recovery is associated with greater snow quantity and longer snow duration. The current
broad scale spatial study was limited in that the data available is evaluated at a 30 m
resolution, eliminating the possibility of understanding snow dynamics at a plot scale.
Additionally, besides openings in trees snow cover cannot be analyzed under canopy for

the present methods of remote sensing alone.
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5.4 Broader Impacts for Watershed Management
Snowpack in the Western U.S. is declining while fire frequency, extent, and

intensity are increasing (Westerling 2006) . Previous studies have evaluated possible
implications of forest fire mitigation on surface water yields, but they have largely focused
on burn areas immediately following fire verses treatments which have longer times since
burn or have only conducted experiments leading to increased water yields in clear cut or
other disturbance-based mitigation. This paper fills in a critical knowledge gap by directly
comparing four different snow yields as forest recovers from a wildfire event. It could serve
as a tool for hydrologists and resource managers to evaluate the potential of forest fire
mitigation to decrease fire risk while also increasing snowpack in watersheds.

The prevailing narrative is that snowpack should increase once the flushing of
burned woody debris and increase of snow surface albedo (Gleason 2019, Gersh 2020) gets
farther from the burn event. Total snow yields up to peak SWE were largely positive
relative to the pretreatment mean, and evidence suggests that this is likely due to changes
brought on by the limited influence of opened canopy. Of the plot scale results snow in the
burned areas increased in 4 of the 5 cases studied from their pretreatment forested plots.
Indicating that there was greater snowpack yield following fire, though the runoff events
occurring earlier in the season, likely limiting watershed and reservoir retention. There is
a strong indication that intermediate recovery has the greatest potential to increase snow
duration within a watershed, peak SWE surveys indicate increased SWE and snow depth,
were time-lapse photography signified an 11-day prolonged snow depth as compared to
immediately burned forest. Broad scale spatial analysis suggests consistent similarities

between the open and the burned forest through the intermediate recovery phase and a 10
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day increase in snow retention as compared to immediately following fire. However,
results become confused when a forest enters advanced recovery, in some instances such
as peak SWE surveys and snow extent relationships built by spatial analysis, snow depth
and SWE exceed the retention capacity of the open meadows, though snow duration
seemingly decreases as presented in time-lapse photography results, this could hint at
forests beginning to return to their pre-fire state and snow retention based on evidence that
local regrowth resulted in a 50% reduction in summer streamflow in a past study (Perry
and Jones, 2016). Though this opposes the analysis of our broad spatial extent, which
included advanced recovery in the prolonged snow extent results. It should then be the
intention for future work to evaluate these same principles at broad and sub-basin scales to
draw on more definitive results through the period of advanced recovery.

Overall, we see an increased potential for fires to increase snow and water retention
as past studies have. One study specific to the Northwest (Jones and Post, 2004), noted an
increase in discharge were 100% of the watershed had been cleared of vegetation and
another noted that with a decrease of 75% of canopy significant changes were seen in
runoff (Oda 2018). The prospect of controlled burn increasing watershed retention is an
exciting idea, though the extent to which a forest would have to be cleared to make a
significant difference is unknown, and the trade-offs between environmental impact and
the potential benefits need to be studied in detail. Deeper studies into the understanding the
mechanisms that drive hydrologic change due to landcover disturbance should be
conducted over varying regions, vegetation, and forest remediation since the response is
highly location dependent. The combination of the studies presented provides preliminary

guidance and ideas to drive further research. By understanding underlying snow hydrologic
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mechanics there is the potential to creating land management strategies that help facilitate

climate resilience for the future of ecosystems and watersheds.

83



6. CONCLUSION

In this study we have used a combination of methods for evaluating forest fire
effects on snow hydrology as a function of forest recovery. We draw on open-source
remote sensing data in burn areas connected to an in-depth analysis of point based or in-
situ experimentation all within the Willamette watershed. Using these methods, we were
able to measure snow accumulation, extent, and melting at multiple scales as a function of
forest recovery. Based on our analysis of these data, we conclude that forest fires result in
increased snow accumulation and storage in a burn area post fire. Even though, forest fires
result in increased melting immediately following fire they also showed increased
resilience to mid-winter melt. Furthermore, snow disappearance date was prolonged 10
days following wildfire in intermediate recovery forests. The increased snow extent and
advanced peak accumulation could provide benefits to abiotic and biotic species within
watersheds. While simultaneously increasing water volume and increasing the extent of
reflective surface later into the dry and warm summer months. These conclusions indicate
that, from a human perspective, forest fires may result in some long-term benefits for water
resources availability and snow retention in watersheds. However, we also found that snow
extent in burn areas shows increased variability in advanced recovery, where it is quoted
that forested watersheds become unpredictable with wildfire alteration (Vila-Vilardelli
2023). It is challenging to definitively identify the long -term benefits and impacts that
these ideas might have as the effects of forest fires on snow are still not yet fully
understood. Our results hint at the ideology that controlled burns may be a method to
increase snow retention in watersheds but given the increase in snow extent variability after

forest fires, burns may not be a predictable tool for such alterations. Further studies are
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needed to fully quantify the changes in snow melt timing and volume within a watershed
as a result of wildfires, to evaluate the costs and benefits of this strategy. The research
presented may be an essential first step in further studies that quantify water retention

capabilities of forest fire.
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APPENDIX A: LITERATURE REVIEW OF THE SNOWPACK ENERGY BALANCE

Snowpack Energy Balance within forested watersheds

Snow goes through a natural maturation process that is dependent on the physical
landscape it is deposited upon, as well as gross and micro-scale climate variation over its
period of melt. The inputs and outputs in the snowpack’s energy balance control the
ripening of the snowpack and resulting preferential flow. Snow retention is heterogeneous
under diverse ecosystems and canopy types (Sun, Yan, and Wigmosta 2022; Male and
Granger 1981; J. Pomeroy et al. 2008; Ellis et al. 2011; Mazzotti et al. 2019; Burles and
Boon 2011). Other factors include the rates of canopy interception, sublimation efficiency
and sub-canopy snowpack (Sun, Yan, and Wigmosta 2022; Burles and Boon 2011; John
W. Pomeroy and Schmidt 1993).

Accumulation and ablation of a snowpack are measured by physical metrics that
vary with scale, seasonality, and diurnal metamorphism. Energy exchange that is absorbed
or reflected is critical to the melting potential of a snowpack. The basic energy balance
equation:

AQ =Spet + Lpet +tH+LE+R+G
Where AQ is the change in snowpack energy storage, Snet and Liye are net shortwave and
bi-lateral net longwave effects, respectively (Marks and Dozier 1992). Turbulent transport
can be partitioned into the sensible heat (H) flux and latent heat transfer (LE). These two
components govern the majority of the energy exchange that occurs within forested regions
(Marks and Dozier 1992; John W. Pomeroy and Schmidt 1993; Sicart et al. 2006; Link,
Marks, and Hardy 2004; J. W. Pomeroy and Dion 1996; J. Pomeroy et al. 2008; Hutchison

and Matt 1977).
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Net Radiation

Forests have wide reaching effects on the snowpack energy balance where net radiation
accounts for 60 — 90% of snowmelt energy within forested watersheds (Marks and Dozier
1992; John W. Pomeroy and Schmidt 1993; Link and Marks 1999; Male and Granger
1981). For the 11 states that make up the Western U.S., 65% of their water supply originates
on forested land (DeWalle and Rango 2008) making it one of the most temporally dynamic

and spatially variable of all water metrics.

Shortwave Radiation

Downwelling shortwave radiation originates from the sun where incident spectral
irradiance subtracted by the spectral exitance is dependent on the reflectivity of the snows
surface. These values are integrated over the visible and near-infrared wavelengths and

source positive energy onto the snowpack surface (Marks and Dozier 1992).

Snet:( 1 —a)QSW¢

a is albedo and is the ratio of reflected shortwave radiation to the downwelling shortwave
radiation. Albedo varies from wavelength to wavelength and is a function of the crystalline
structure of the snowpack surface, solar zenith angle, and concentrations of light-absorbing
impurities (Wiscombe and Warren 1980; Warren and Wiscombe 1980). Pure snow is one
of the most reflective naturally occurring substances on the earth’s surface and can reflect
up to 95% of solar energy in the visible wavelengths, having a significant cooling effect to

global climate (Jin et al. 2008).
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Forests alter spectral broadband albedo by influencing radiation and convective
heat exchange (DeWalle and Rango 2008) first, by modifying the intensity and spectral
composition of incident spectral irradiance as a function of forest transmissivity (Hardy et
al. 2004). Then by littering organic debris onto the snow surface decreasing the snows
albedo. Snow beneath the canopy of trees experiences some direct irradiance as well as
diffuse incoming shortwave radiation. Key parameters are the sky view fraction, solar
zenith angle, and canopy transmissivity for each component (Hutchison and Matt 1977; J.

W. Pomeroy and Dion 1996; J. Pomeroy et al. 2008).

Forests of the PNW have densely littered floors comprised of decomposing
bryophytes, small herbaceous plants, needles and branches (Burles and Boon 2011; Boon
2012). Forest litter and organic deposits on the snow surface reduce snowpack albedo
(Hardy et al. 2000) increasing melt behavior. The snowpack and the energy balance are
also subject to sub-canopy obstruction of net radiation through shading from direct sunlight
(Fig.1). The flux density of shortwave that reaches the snow is the result of reflection,
transmission, and absorption through foliage, wood, and the ground (Ross and Nozik
1982). Forest cover can reduce shortwave radiation on the snowpack surface and decrease
melt rates (Ellis et al. 2011; Musselman, Pomeroy, and Link 2015). The fraction of
shortwave radiation that penetrates through the forest canopy can be represented as a

function of canopy density (Fig.1, Seyednasrollah et al., 2013).

Longwave Radiation (Lne;)
Shortwave loss due to canopy cover can be offset by advances of longwave

radiation (Fig.1) under canopy where increases in net longwave from trees and trunks
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amplify energy inputs (Sicart et al. 2006; Rutter et al. 2009) and ultimately alter the timing
of snowmelt (Lundquist and Dickerson-Lange 2013; Roth and Nolin 2017). Net longwave
flux is electromagnetic radiation emitted by a body at infrared wavelengths. The quantity
of radiation emitted by a body is a function of the temperature of the surface of the body

according to Plank’s law.

Snow and vegetation are considered perfect emitters, also called blackbodies. Their
emissivity is at or is close to 1 on a scale between 1 and 0 (“Hydrologic Modeling System”
2002). Upwelling longwave is emitted by the snow surface as energy is lost from the snow,
cooling the surface. Downwelling or incoming longwave is emitted by the atmosphere and
other entities surrounding the snow and is energy that warms the snow (“Hydrologic
Modeling System™ 2002). Direct longwave radiation makes its way through the atmosphere
through gaps and openings in the forest canopy, however, nearly all longwave is exchanged
beneath the forest canopy (Fig.1) and a small proportion is emitted back into the
atmosphere (DeWalle and Rango 2008). Longwave increases the energy gained by the

snow (“Hydrologic Modeling System” 2002).

Montane forests influence the proportion of incoming longwave radiation.
Longwave from the atmosphere and the canopy combine as inputs into the snowpack
surface in addition to direct shortwave absorption from trees and consequent heating during
the day (Lundquist and Dickerson-Lange 2013; Sicart et al. 2006), (Hardy et al. 2004). If
changes are made to the forest canopy, the energy available for snow melt will be altered
(J. Pomeroy et al. 2008; Link, Marks, and Hardy 2004; Link and Marks 1999; Lundquist

and Dickerson-Lange 2013). The intensity at which thermal irradiance transmits is a
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function of forest structure, canopy, trunk temperature, and the Stephan’s Law (Lawler and
Link 2011). Reduction in the forest canopy leads to reductions in emissivity of longwave
radiation (Fig.1), canopy interception (Fig.1), and the accumulation of particulate matter
on the snowpack surface (Lundquist and Dickerson-Lange 2013). It is this balance between
reduced accumulation and enhanced or decreased melting that determines snowpack
retention under varying forest types (Dickerson-Lange and Gersonde 2017).

Turbulent Energy Transport
Melt occurring in open forest groves or meadows is driven by both turbulent and

radiative flux through reduced canopy interception (Fig.1), increased light transmission,
and modified surface energy balance. Turbulent transport can be partitioned into the
sensible heat (H) flux and latent heat transfer (LE). Both H and LE strongly relate to
boundary layer turbulence and wind speeds that drive air exchange between snowpack and
the overlying atmosphere (Massman et al. 1997; Lee, Massman, and Law 2004). They are
the second most important factor in their impact to the snowpack energy balance after Spet
and Lyet, the net shortwave and bi-lateral net longwave effects (Morris 1989). Sensible heat
is energy transferred from warmer objects to a colder, (Morris 1989) while latent heat
transfer occurs due to phase changes from ice to water to vapor in the atmosphere.
Sublimation absorbs heat energy whereas condensation releases heat into the snowpack.
The forest acts as a buffer for wind, so protection from wind driven changes in the
snowpack energy balance obscure temperature variations caused by sensible heat exchange
(Dickerson-Lange and Vano 2021) and sublimation through latent heat exchange (J.
Pomeroy et al. 2008). Forest canopies alter heat fluxes by intercepting falling snow in a

space were the wind is more severe and sublimation rates are higher (Molotch et al. 2007).
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The forest intercepts falling snow and stores it high above snowpack where large
proportions are blow into the atmosphere and are either redistributed or sublimate (Molotch
et al. 2007).

The final pieces of the energy exchange have a small to insignificant influence on
snow in forested ecosystems. G is small net conductive energy flux (soil), generally
through heat from the ground in the form of convective exchange of sensible heat [W m-
2]. R is net advective energy flux typically through melt water loss input from rain [W m-
2]. Many times, R and G have very limited influence on the snowpack energy balance and

can be counted as negligible as will be in the case of this study (Marks and Dozier 1992).
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APPENDIX B: SUPPLEMENTAL FIGURES
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Figure A. Bl: Scree plot showing the variance (inertia) explained by each component produced from the PCA along
with the level of variance expected by random change (Broken Stick). Component 1 (Comp. 1) is the only PC value that
is kept because only the first observed proportion of variance (bar plot) is higher than the corresponding broken-stick
proportion (red line).
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Figure A.B2: The classification/regression tree plot displays a series of decision rules predicting Snow Disappearance
(SDD) in each terminal node. Lat represents latitude which is the first node, with the greatest difference between below
44° and greater then 44°. If greater then 44° other factors play into snow disappearance date, the most influential being
years since fire were immediately following fire and intermediate and advanced fire are split into two sub groups.
Immediately following fire, elevation, canopy height, mean precipitation and species determined via NLCD all influence
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snow disappearance date. Where generally the highest longitudes and canopy heights have the latest disappearance
dates in immediately burned fires above 1317m, below 1310m lower precipitation is primarily responsible for the earliest
snow disappearance dates, while above 1310m to 1317m greater canopy height is associated with earlier snow
disappearance and later snow disappearance is attributed to pre-fire vegetation being evergreen forest rather than shrub
with the latest dates in evergreen forests at latitude greater than 45°.
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Figure A.B3: Variable Importance Plot- ranking the importance of each predictor with relation to the model
performance. The larger values, Latitude and YSF, are the more important predictors. This is based on randomly
sampling half of the dataset.

size of tree

1.2

X-val Relative Error

06 07 0.8 09 10 11

| | T | T T T | T T |
Inf  0.15 0.045 0.027 0.023 0.019 0.018 0.015 0.012 0.011 0.01

cp

Figure A.B4: Cross-validation plot, where 0.045 is the lowest accepted Cp value. This value is used to develop the
pruned decisions tree, representing the final optimal model for the data presented.
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APPENDIX C: SUPPLEMENTAL TABLES AND STATISTICS

Lionshead 2020/2021 — TIMELAPSE SNOW DEPTH

Table A.C1: Peak snow metrics derived via time-lapse photography dataset of the winter of 2020 - 2021 Lionshead burn
area. Snow metrics calculated for the winter of 2021: PSWE is the day from which snow is at its peak snow
depth during the 202 1 winter season. MSWE is the date of peak SWE, historically April 1*' SWE snow metrics.
PSD is the date in which that peak snow for the season is achieved. Peak Snow (cm) is the value in
centimeters by which that peak is recorded. SDD is the snow disappearance date because there is no mid-
winter melt event SDD. SMR for PSWE is calculated as the total snow melt rate (TSMR) from peak snow to
the SDD. SMR for MSWE is the SMR from peak SWE date to SDD.

FOREST TYPE PEAK SNOW DEPTH PEAK SNOW DISAPPEARANCE SNOW
(DAY) DEPTH (CM) DAY MELT

RATE
(CM/D)

FORESTED (PEAK Feb 29, 2021 209.41 April 1%, 2021 2.86

SWE)

HIGH (PEAK SWE) Feb 27, 2021 248.74 April 1%, 2021 4.14

MODERATE (PEAK Feb 28, 2021 174.59 April 1%, 2021 3.23

SWE)

OPEN (PEAK SWE) Feb 27, 2021 278.65 April 1%, 2021 2.23

FORESTED (MID- Mar 29, 2021 177.17 May 12, 2021 4.12

WINTER)

HIGH (MID-WINTER) | April 1, 2021 178.57 April 29, 2021 6.61

MODERATE (MID- April 1,2021 137.53 April 24, 2021 6.25

WINTER)

OPEN (MID-WINTER) | April 1, 2021 220.84 May 15, 2021 5.11
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Table A.C2: Summary statistics and ANOVA results (Pr). Showing the mean snow depth of each ablation
month and significance testing where *** or P<(.05 indicates significance

Date Mean Standard Forested High Open Moderate Pr(>)F
Deviation
March 183.15 38.57 159.55 194.05 233.38 138.87 <0.05%**
April 110.755  56.36 114.24 110.61 161.12 57.27 <0.05%***
May 6.71 15.93 011.77 0 15.06 0 <0.05***
open-mod [ Match MARCH - 2021  P-VALUE
opon -high Open-M‘oderate <0.05**
oo for . Open-High <0.05%*
P ~ Open-Forested <0.05**
mod-high 1 == Moderate-High <0.05°%*
mod-for Moderate-forested =~ <0.05**
high-for High-forested <0.05**
open-mod . April APRIL - 2021 P-VALUE
open -high High-Forested 0.98
open-for Moderate-Forested <0.05**
mod-high Open-Forested <0.05%*
mod-for Moderate-High <0.05%*
bigh-for Open-High <0.05%*
Open-Moderate <0.05%*
open-mod: May g MAY - 2021 P-VALUE
open -high : High-forested <0.05**
open-for . Moderate-forested = <0.05%**
mod-high — 4 1 Open-Forested 0.81
mod-for ; Moderate-High 1
high-for Open-High <0.05%*
Open-Moderate <0.05%*
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Lionshead 2021/2022 - TIMELAPSE SNOW DEPTH

Table A. C3 Peak snow metrics derived via time-lapse photography dataset of the winter of 2021 - 2022

Lionshead burn area
Forest Type

Forested (PSWE)
High (PSWE)
Moderate (PSWE)
Open (PSWE)
Forested (MSWE)
High (MSWE)
Moderate
(MSWE)

Open (MSWE)

Peak Snow Depth Peak Snow

(day)

April 10, 2022
April 13,2022
April 17, 2022
April 13,2022
Jan. 5,2022
Jan. 5,2022
Jan. 5,2022

Jan. 5, 2022

Disappearance

Depth (cm) Day

70.31
178.57
159.36
204.31
153.58
225.13
200.00

235.11

May 11, 2022
May 24, 2022
May 25, 2022
June 4, 2022

April 1, 2022
April 1, 2022
April 1, 2022

April 1, 2022

Snow Melt
Rate (cm/d)
-2.27
-4.35
-4.37
-3.93
-1.94
-1.83
-1.62

-1.77

Table A.C4: Summary statistics and results from ANOVA statistical analysis. Showing the mean snow
depth of each ablation month and significance testing where ** (P<(0.05) indicates significance.
Standard Forested High

Date Mean

March
April
May

114.65

100.79
53.32

MARCH -2022
High-forested
Moderate-forested
Open-Forested
Moderate-High
Open-High
Open-Moderate
ARIL -2022
High-Forested
Moderate-forested
Open-Forested
Moderate-High
Open-High
Open-Moderate
MAY -2022
High-forested
Moderate-forested
Open-Forested
Moderate-High
Open-High
Open-Moderate

Deviation
23.58
58.97

P-VALUE

<0.05%**
<0.05%**
<0.05%**
0.55
0.04*
<0.05%**

P-VALUE

<0.05%*
0.09%*
<0.05%*
0.06*
0.06*
<0.05%*

P-VALUE

<0.05%*
<0.05%*
<0.05%*
0.99
0.02%*
0.03*

111.50

36.62
49.40 3.71

128.31
118.04

55.36

Open Moderate
85.80 132.31
157.35 91.15
102.33  51.87

Pr(>)F

<0.05%*
<0.05%*
<0.05%*
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SHADOW LAKE 2021/2022 - TIMELAPSE SNOW DEPTH

Table A. C5: Peak snow metrics derived via time-lapse photography dataset of the winter of 2021 - 2022
Shadow Lake burn area.

Forest Type

Forested (PSWE)
High (PSWE)
Moderate(PSWE
Open (PSWE)
Forested(MSWE)
High (MSWE)
Moderate(MSW
Open (MSWE)

Peak Snow
Depth (day)
4/13/22
4/13/22
4/14/22
4/14/22
1/05/22
1/05/22
1/05/22
1/08/22

Peak Snow
Depth (cm)

195.77
200.62
215.24
154.62
207.71
218.62
233.97
149.32

Disappearan
ce Day
6/04/22
6/02/22
6/02/22
6/01/22
04/01/22
04/01/22
04/01/22
04/01/22

Snow Melt
Rate (cm/d)
-3.76

-4.01

-4.39

-3.22

-0.67

-0.55

-0.57

-1.05

Table A. C6: Summary statistics and results from ANOVA statistical analysis. Showing the mean snow
depth of each ablation month and significance testing where *** (P<(0.05).

Date Mean
March 114.65
April 145.71

May 93.70
MARCH -2022

High-forested
Moderate-forested
Open-Forested
Moderate-High
Open-High
Open-Moderate
ARIL -2022
Open -Moderate
Moderate-forested
Open-Forested
Moderate-High
Open-High
Open-Moderate
MAY -2022
High-forested
Moderate-forested
Open-Forested
Moderate-High
Open-High
Open-Moderate

Standard
Deviation

23.58
35.20
38.72

P-VALUE
0.24
0.04*
<0.05%*
0.86
<0.05%*
<0.05%*
P-VALUE
0.59
0.14
0.71
0.78
0.09%*
<0.05%*
P-VALUE
0.77
0.34
0.95
<0.05%*
0.96
0.14

Forested

111.50
144.08
90.25

High Open Moderate Pr(>)F

128.31 85.80 132.31 <0.05%*
154.21 116.08 165.19 <0.05%*
92.91 84.72 106.59 0.06*
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B AND B 2021/2022 - TIMELAPSE SNOW DEPTH
Table A.C7: Peak snow metrics derived via time-lapse photography dataset of the winter of 2021 - 2022 B

and B burn area.
Forest Type

Forested (PSWE)
High (PSWE)
Moderate (PSWE
Open (PSWE)
Forested (MSWE)
High (MSWE)
Moderate (MSWE)
Open (MSWE)

Peak Snow Peak Snow Disappearance
Depth (day) Depth (cm) Day

4/15/22 117.45 05/20/22
4/14/22 146.79 05/24/22
4/14/22 144.65 05/23/22
4/14/22 171.43 05/26/22
1/05/22 172.74 04/01/22
1/05/22 200.96 04/01/22
1/04/22 211.95 04/01/22
1/05/22 176.73 04/01/22

Snow Melt
Rate (cm/d)
-3.35
-3.74
-3.62
-4.08
-1.72
-1.55
-1.60
-1.16

Table A. C8: Summary statistics and results from ANOVA statistical analysis. Showing the mean snow
depth of each ablation month and significance testing where *** (P<(0.05).

Date Mean
March 86.62
April 103.2
May 47.62
MARCH -2022

High-forested
Moderate-forested
Open-Forested
Moderate-High
Open-High
Open-Moderate
ARIL -2022
High-Forested
Moderate-Forested
Open-Forested
Moderate-High
Open-High
Open-Moderate
MAY -2022
High-forested
Moderate-forested
Open-Forested
Moderate-High
Open-High
Open-Moderate

Standard Foreste
Devetion d

26.29 NA
32.86 68.67
37.53 23.76

High

96.178
111.82
49.82

P-VALUE
<0.05%*
<0.05%*
<0.05%*

0.178
0.99
0.11

P-VALUE
<0.05%*
<0.05%*
<0.05%*

0.99
0.99
0.99
P-VALUE
0.21
0.94
<0.05%*
0.53
0.28
0.02*

Open Moderate
96.95 103.46
122.55 110.04
77.03 44.26

Pr(>)F

2.2e-16%**
4.507e-05%**
0.003707%**
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Table A.CY: Eigenvectors, how specified PC represent the original measured 11 variables. Each number
can be interpreted as a correlation coefficient between each original variable and it’s corresponding PC
also referred to as contributions. The larger the coefficient of the original variable, the larger the
contribution to the PC, in other words the PC “represents” this particular variable well. They can be
interpreted the same way as correlation coefficients between the original variable and the PC. All coefficients
that are blank, are very small and therefore have contributions that are considered negligible. PC1 therefore
represents 5 geographical variables and years since fire well.
C.1 C.2 C3 C4 C5 C.6 C.7 C.8 CcC9 C10 CcC.11

Aspe - 0.27 0.486 0.52 034 042 0.33 - - - -

ct

Slope - -0.34 - -0.47 0.70 - 0.30 0.21 - - -

CBD - -0.34 -0.572 0.36 -0.27 026 046 0.19 - - 0.11

CH -0.31 -0.31 - 0.37 0.21 - -0.31 0.33 0.44 - -0.14
0.28 0.32

Lat* -0.47 -0.16 0.125 - -0.12 - 0.10 -0.15 -0.16 031 -0.74

%

Long 0.30 -0.39 - 0.15 - - 0.21 -0.72 0.11 - -
0.18 0.28

SDD -0.29 - 0.32 -0.22 0.29 - 0.60 0.14 0.14 - 0.17
0.44 0.14

Elev. 0.32 -0.34 0.35 - -0.17 - - 0.39 -0.59 - -0.12

* 0.27

Ptme -0.32 -0.19 0.16 0.33 -0.19 062 -0.13 -0.12 0.11 - 0.17

an* 0.46

Tmea 0.33 -0.34 0.34 - -0.26 0.13 - 0.14 0.50 0.51 -

n*

YSF*  0.40 0.33 -0.16 -0.17 -0.12 0.12 0.15 0.20 0.33 - -0.57

* 0.36

Table A.C10: Importance of the component’s eigenvalues corrected by the total variance in the dataset,
where 190 is the sample size and. In this algorithm for line three each variance is calculated by dividing N
instead of N-1. Thus we are correcting it by multiplying N/(N-1). The bottom line is the proportion of the
variance explained by each PC. Corrected and PC 1 therefore explains 79% of the variance.

C1 C2 C3 C4 C5 Co6 C7 C8 c9 C10 C11

SD 1.88 1.23  1.07 1.03 0.97 0.84 080 0.74 0.60 0.52 0.33
SD- 356  1.53  1.15 1.06 094 0.71 0.64 0.56 0.36 0.27 0.11
>VAR

357 1.53 1.16 1.06 0.95 0.71 0.64 0.56 0.36 0.27 0.11
Prop. Ex 0.79 034 025 023 0.20 0.16 0.14 0.12 0.08 0.06 0.02
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Table A.C11: Importance of components (PC’s), all PC (Comp.1 — Comp.11) often expressed as the
proportion of variance explained. SD is the standard deviations of the principal components (its variance)
which is related to it’s eigenvalue. The third row is the cumulative proportion of the variance explained

which should add up to 1.
C1 C2 C3

SD 1.88 1.23 1.07
PROP. 032 0.13 0.10
VAR

Cum. 0.32 046 0.57
Prop.

C4
1.03
0.09

0.66

(6]
0.97
0.08

0.75

Co
0.84
0.06

0.755

Cc7
0.80
0.05

0.87

C8
0.74
0.05

0.93

Cc9
0.60
0.03

0.96

C10
0.52
0.02

0.98

C11
0.33
0.01

1.00
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