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ABSTRACT

Montane forests provide essential freshwater resources to the local ecosystemsresticeadm
communities worldwide. Climate change is altering the energy and water budgets of montane
forests; however, the magnitude and consequences to water resources is uncertain. This
dissertation seeks to understand the interconnection between emerggtar budgets to improve
hydrological predictions by fusing cuttiregige insitu and remote semg) observations with
energybudget modeling. We first focus on the impacts of snow models structure on the uncertainty
of snow behavior under future warnaimate using a mukimodeling approach. We illustrate that

a range of reasonable model decisioner@meter combinations can accurately predict historical
snowpack dynamics, but do not agree on projecting future snowpack behavior. Secondly, we
unravel nass and energy controls on snow disappearance date (SDD) in montane forests using
multi-site lidar doservations. We develop a new conceptual model that incorporates the role of
topography and vegetation structure to predict differential SDD in open aret oadopy
locations. Finally, we explore the accuracy of remote sersasgd thermal imagery, angda

source energy balance modeling to estimate evapotranspiration variations in a montane site. We

show that remote senshugrived ET may struggle to chategze ET in montane forests.
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Chapter 1

Introduction

Montane forests provide essential freshwater sources tadjpeentecosystem and downstream
communities Yiviroli et al., 2007; 2011)Jnderstanding and predicting hydrgical processein
these critical regionsequirea careful examination of bo#mergy and watdoudgets, since they
are well interconnectedIn mountaino f t e n referr ed wdten toveets sndwh e
accumulates in higher altitude in winter, and ts@ spring and summer to supply freshwaber
the canopy ecosystem for evapotranspiratismd human water need¥iyiroli et al., 2007%.
However, timate change is altering thenergy inputs resuting in large, but uncertain
consequences to the watercke of montane forestBarnettet al.,, 2005) wherethe National
Academies Decadal Surveidtional Academies of Science201§ identified as a key area to
understandhydrological processeand pratice water resources managementse Survey

declared ad prioritizeda range ofessexplored critical researctareas, including:

1 Developngand evaluahg an integrated Earth system analysis with sufficient obsengtion
to accurately quantify the compents of the water and energy cycles and their interacti

(National Academies of Sciences, 2D18

1 Quantifying rates of snow accumulation, snowmelt, and sublimation from swrass

topographic variabilitfNational Academies of Scien¢ceX18)

1 Determinng how structure, productivity, and health of plangffects estimates of

evapotranspiratiofNational Academies of Sciences, 2018)

In this dissertation, wecrutinizeto answeiquestionsrelevant tahese criticatesearchopics We

aim toincrease understanding of interconnection between energy and cyelesof montane



forestsandimprove hydrological predictions by fusing cuttiedge insitu and remote sensing
observations with energyudget modelingln Chapter2, we focus on the predicin of snow
behavior uncertainty under future warmer climasmg an energybasedmulti-model approach.
Chapter 3 reveals mass and ene@ytimls on snow disappeararicaing in montane forests using
multi-site lidar observation€hapter £xplores howaccuratehermatbasedbservations, antivo
source energy balee (TSEB) model can capture a fismale spatial and temporal

evapotranspiratiomariations inamountainous mixed tree and grass cover study site

1.1 Chapter 2:How Well Do We Melt Snow? AMulti -Model Intercomparison Project

lllustrates How Model Decigons Affect Climate Change Predictions

Climate change is causirgiallowersnowpack(Evan, 2019; Cooper et al., 2016; Dibike et al.,
2018; Gergel et al., 2017; Mote et al., 20ttt melts episodically in winter (Harpold and Brooks,
2018) and disappearanier (Musselman et al., 2017; Wu et al., 20H8)wever, hemagnitude of
thesefuture changes in snowpack behaviouncertaifChegwidden et al., 2019). Ormainsource
for this uncertainy is hydrological modeling decisiongeferred as structural oertainty
Chegwidden et al., 2019; Wilby and Harris, 200&eviousefforts only facusedon a small set of
hydrologic modelsto quantify future structural uncertainties, and didi s pr ead anal ysi
opposed tofull Auncert ai ntgoss aonplexhysrblegia models because of
computationatonstraints (Chegwidden et al., 2019;sBeet al., 2020)They alsadevelopedhe
snowpack mass and energy budget models usihglimited observectalibrationand validation
datasets;hence, therobustnessof their uncertainty analyses ipredicting future snopack
dynamics under waren climatic has not beemhoroughlyassessedlhere remains potential to
comprehensively explore the importance of structural maasrtaintyhydrologic model spread)
and its iteraction with different plausible future climatés.this chapter, we take advagéaof a

multi-model framework, the Structure for Unifying Multiple Modeling Alternatives (SUMMA,;



Clark et al., 2015), to incorpostultiple parameters amdodel decisionand conduct a structural
uncertainty analysis usirggequate forcing and validatiolata.We aim to better understand how
snow model structure impacts the uncertainty of future projections. Our experiment focuses on a
single, wellinstrumented site (Swamp@ngel in Senator Beck Basin, Colorado, USAhere
providesmultipleforcing and cdbrationdatasets to constrain possible mattatisiors by applying
differentobjective functionsWe definethree objective functionscludingpeak SWE, snowpack

melt rae and cold contentVe use current and future climate simulations-&tgrid spaaig

using the Weather Research and Forecasting (WRF) model (Liu et al., 2017), forced with current
and RCP 8.5 end of the century climate scenaoi@stimate future changén forcing datasets

This experimental approach allows us to andwerquestions:

1) How do snow models that accurately predict historical SWE and cold content, respond to

future climate scenarios?

2) Are future snowpack predictions more uncertain than tist @ad what can be done to

mitigate prediction errors?

1.2 Chapter 3: Unraveling the Controls on Snow Disappearance in Montane Forests

Using Multi-Site Lidar Observations

Snow disappearanceate (SDD)is an important control on thmagnitudeand timing ofwater
available for forest ecosystems and downstream communitieserAstzow disappearance delays
soil water inputsthereforepeak forest transpiration (Cooper et al., 2020), and limits the duration
of soil moisture stress for vegetations (Harpold, 308proving predictions of snow retention is
critical in montane forgiswhereclimate change portends shorter snow duration (Bach et al., 2018;
Cooper et al., 2016; Dibike et al., 2018; Li et al., 2017; Harpold and Molotch, ZB&&¢sses and

factors ontrolling the seasonal snaveltarestrongly influenced by local cliate, forest structure,



and topography (Broxton et al., 2015; Dickerd@mge et al., 2017; Lundquist et al., 2013; Tennant

et al., 2017, Varhola et al., 2010).

Competition amongncoming radiation to snowpack, wind sheltering, and snow interception by
caropy causes different snow disappearance timing in open areas versus under Aanopsnt
model for predicting snow disappearandate under canopy and in open areas suggests that
locaions with Decembedanuaryrebruary (DJF) mean air temperature abé’&€ have earlier
show disappearance under canopy areas, whereas sites with DJF mean air temperatures below that
threshold display earlier snow disappearance in open @éreadquist etal., 2013). Thisnodel

was developed frorgroundbasedobservationand has not been applied across canopy structure
or slopeaspect gradienthat are typicatharacteristicef montane forest#\ctive remote sensing
tools, like lidar (ight detecting andanging, allowusfor snowpack observation asdow retention
estimdes acrosdifferenttopography and forestructure We leverage existing snean and snow

off lidar observations at two relatively warm sites in the Sierra Nevada (Sagehen Creek&daters
and Kings River Experimental Watersheds, California) and two cddes in the Rocky
Mountains (Boulder Creek, Colorado and Jemez River Basin, New Mexicalctdatefractional

snow coverfSCA) over large spatial extents. This analysié answerthree questions:

1) How do open and under canopy fSCA and snow disappea date (SDD) vary based on

slope/aspect and elevation at sites with different climate?

1) Does vegetation structure have greater impact on under canopy fSCA and SDD in some

climates ad/or topographic conditions than in others?

2) What are the inferred energy and mass balance drivers causing differences in fSCA and SDD

across open versus under canopy areas in warmer and colder climates?



1.3 Chapter 4: Estimating Evapotranspiration Gradients in a Montane Forest Using

Thermal Observations and TweSource Energy Budget Modeling

Evapotranspiration (ET) from mountain forests regulates energy and water budgets of ecosystem
and downstream communities (Rosado et al., 2016; Gaertner et al.,l20dByer, climate change

and wildfireshas been affecting evapotranspiration and growing season length in montane forest
(Cooper et al., 2020; Harpold, 2016; Ma et al., 2020; Saksa et al., 2020; O'Leary et al., 2018).
Hence, effective forest ET monitoriagd estimates can improve local forestnagement (Roche

et al., 2020; Ohanhevi et al., 2020) and reduce downstream water resources vulnerability to future
climate changes. In this study, we will investigate whether thelpamgd two source energy
balan@ (TSEB) model (Norman et al. 1995; Kas and Norman, 1997, 1999, 2000) can capture

an observed fingcale spatial and temporal ET variations in a mountainous mixed tree and grass
cover study site in Sagehen, CA. Since higbolution land surface temparee (LST) is the key
observation drivig TSEB modeling, we deploy thermal infrared (TIR) imagery via unmanned
aerial system (UAS) at four dates over the study site, calibrate and validate them. We also collect
groundbased LST, sap flow density measuretagand above and below canopy ET freddy
covariance (EC) towers of to constrain and verify our TSEB modeling using UAS thermal imagery
and independent ECOSRESS ET products. Our unique dataset will allow us to answer three

research questions:

1) How doesobserved ETvary acrosgree clusters oa hillslope with differential groundwater

access and differ between above versus below canopy vegetation

2) Can UASandECOSTRESS. ST imagery capture the heterogenous latent cooling effects

and does th@ SEB model capte theseET gradiens?

3) What factorgproducemoreor lessskill in TSEB estimates d&T using thermal imagery from

UAS and ECOSTRESS, and what are the implications for future satellite missions?
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Chapter 2
How Well Do We Melt Snow? A Multi-Model Intercomparison Project

lllustrates How Model Decisions Affect Climate Change Predictions

Abstract

Seasonal snowmettrovides freshwater resources to downstream ecosystem and comnianities
many regions of the worldHowever,hydrological models gdict that climate change will cause a
loss ofsnowpack storagearlier snow disappearance, and slower melt rate of skealtnwewpack.
Hydrological nodeling decisionhaveformidableeffects on theefuture projections of snowpack
dynamics.We traired a multi-model framework, Structure fotJnifying Multiple Modeling
Alternatives (SUMMA, that mimics different snow model deciens on observationsand
simulateshistoricalensemble spreaof snow water equivalent (SWH} a wellinstrumented site

in southwstern Colorado, USAThe projectedensemble spreadtonstrainedby a peak SWE
objective function (OF)shows that a range ofreasonable model decision and parameter
combinations can accurately predietstpeakSWE within 10% over a wet and a dry yeahe®
models are then perturbed with two pseudo global warming scel(R@d3 8.5; enebf-century)
with and without changes to precipitation (PGW and PGWO, respectively) to produtee
ensemble of snowpack projectioifie PGW scenario shows88%decreas infuture pealSWE
and42-day earlier snow disappearance date (SBbjle snowmelt rates nyaincrease or decrease
depending on model assumptions, such as albedo approxim§fetizenconstrain the projected
ensemble spread by includisgownelt rate ad cold content as additional objective functions,
whichreduces the number bistorically reasonable simulations. Constraining the ensemble spread
showsdecreases in projected peak SWE by 32%eartier SDD by 41 days, ancklatively no

change i,snowmét rate underPGW scenario. We demonstrate that there is a 50% chance that a
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historically rea®nablesnow model has more thafo errors in futurgpeakSWE predictiorunder

these future climate scenarioklowever, ncorporating more observational informattiaf

snowmelt rate and snowpack cold content, can conskraichance of poor futuWEpredctions

by 59%, melt rate by 43%and SDD by 51%These results call into questitme reliability of
calibratedphysicallybased snownodek because of the effeof a priori model decisions on non

stationary hydrological phenomena. We believelti-model intercomparisorframeworls have
substanti al advantages for constraining model

predicting the effects aflimate chageon key hydrological processes

2.1 Introduction

Snowmelt magnitude and timing controls dwiream water supplies and local ecohydrolimgy
many regionsacrossthe globe (Barnett et al., 2005Dudley et al., 2017). However, snowpack
storage is decliningh much of the mountainous western United States sites due to climate change
(Mote et al., 2018), where up to 70% of annual streamflow is generated by snowmelt (Li et al.,
2017; Mote et al., 2018). Rute shallower snowpack under a warmer climate (Ev@h9;2Cooper

et al., 2016Dibike et al., 2018Gergelet al., 2017; Mote et al., 2018) melts episodically in winter
(Harpoldand Brooks2018 and disappears earligMusselman et al., 201Wu et al. 2018, since

it does not need a large amount of endmgynelt. However, quantifying these futurbangesn
snowpack behavior have a largacertainty Chegwidden et al., 20)190ne source for these
uncertainties is ®thodological choicesamong which fdrological modeling decisiongeferred

as structural wmcertainty have strong effects onfuture hydrologcal projections, including
snowpaclkdynamics (Chegwidden et al., 2018ijlby andHarris, 2@6). The current generation of
snowpack mass and energy betilgnodels were developed using limited calibratioridfie
observations, andhodel decisions and parametessumptions, therefore, their robustness for

predicting future snow dynamics under warming climatic has not been comprehensively assessed
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yet.

Climate change will impact dominant snowpack energy and nflages that drive snowpack
accumulation and ablation. While shortwave radiation (SWR) is not expected to be altered directly
by increasedyreenhouse gas levels in the atmosphenanges in cloud covand atmospheric

water vapor are generally anticipateddecrease SWR across the globeeychetet al., 2019;
Hanraharet al., 2017Hayasaka2018 Hofer et al., 2017Schwarzet al., 2020; Wild et al., 1995).
Increased humidity in future enhances teagpheric greenhouse effect and results in an inatease
incoming longwave radiation (LWR due to changes in atmospheric emissivity (Kapsch et al.,
2016). Higher humidity also lowers the vapor pressure gradient between the snowpack surface and
theatmosphere, reducing latent cooling from sublimatldarfleret al, 2017). Future warmer air
temperature increases sensible heat exchange, assuming the snowpack surface temperature does
not increase correspondingliflarder et al.2017) Because of increed energy fluxeanodels
suggest that snowpack mass will lilee, and snow will disappear earlier, but the effects of common
model decisions/assumptions the uncertaintyof future snowpack behavigprediction has not

beencomprehensivelguantified.

Physically based models are widely used to project the effdctfobal warming on future
snowpack by tracking how energy and mass fluxes affect the internal energy and mass state of the
snowpack (i.e. cold content). Previous efforts have shown that @&keal Circulation Models

and RCP Representative Concentratid®athway assumptions, and hydrologic model choices
have substantial influences on reliable projections of key future hydrologic fldkeg\idden et

al., 2019. However, the importance of sttwral uncertainty(defined as err@rfrom model
decisions ad parameter choices) in these snow mass and energy balance models has only been
assessed in a cursory way using a small set of possible models (Chegwidden et aln@®®).

computational costraintshave limitedconducting dull fiuncertainty analyss acrosscomplex
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hydrologic models@hegwidden et al., 201®eser et al., 2020). Therefore, those efforts only focus
on a small set of hydrologic models (e.che@Qwidden et al(2019 usedonly four different
hydrology models in thefutureensembleandysis), whichi s ¢ spledde i a If gsoppesed

to fluncertaintya n a | .\§wdad analysisefers to the generateshsemblebeinga subsample of

all possible futur@rojectiongd Chegwidden et g12019) There remains a need to comprehensively
explore the importance of hydrologic model spread (structural model uncertainty) and its

interaction with different plausible future climatiasfuture snow behavior projections

Recentsnow model intercomparisomrojects (snowMIPs) attempt to highlight key retdg
decision, needed to simulate historical snow dynamics, inclysiads snow water equivalent
(SWE) magnitude and timing, melt eatand snow season lend@hen et al., 2014ssery et al.,
2009; Krinner et al., 20)8For example, Essery et al. (208Bowed that 33 common snow models,
such as VIC, CLASS and CRHM, could reasonably capture histamical cover duratiomnd
maximumsnow accumulatiomvithout knowing the validation data a prior, but there was major
inte-model discrepancin key snow prperties like snow surface albedo, surface temperatures,
and soil temperature (Essery et al., 2009; Chen et al., 2014; Wang et @).Y20Qlet al., 2020).
Similarly, Krinner et al. (2018) used a snowMIP to highlight the importance of snow conductivity
and visible and neamfrared snow surface albedo to accurately simulate historical snowmelt
magnitudeand timingin common snow modelg [g. CRHM, CLASS, SNOWPACK, and SWAP).
Although previous snowMIPs focused on addressing semetural modeluncertaintis in
simulating historical snowpack behavior and its mass and energy budget, theytoesdadate
multiple modeling interfaces sejpgely (e.g. VIC, CRHM, PRMS, etcand makelecisionsand
assumptiondor each modellMenard et al., 2020)Another chaknge forthose historically
calibrated models is to reliably predict snow dynamics outside of historical condkioms( et

al., 20B).
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Multi-model frameworks, such as the Structure for Unifying Multiple Modeling Alternatives
(SUMMA; Clark et al., 2015a)help to solve thchallengeof working across multiple modeling
platforms that do not letis vary model decisions (and use incoreigtforcing datasets) in
systematic waySUMMA incorporaesmultiple parameters and mathematical representations that
useconsistent calibration and validation datais capable of mimicking common land surface
models (Clark et al., 2015b) or completing large sensitivity analyses to difedr@icesin model
decisions ad parameters to quantify structural modgkead However, modeling historical
snowpack characteristidsy any platform, including SUMMA, is challenging withoatlequate

forcing and validation data

Adequate forcing and validation dd&sson thechallerge inintercomparing snovwnodelsand
finding the hisorically well-performed models.However, @nultaneous measurements of
snowpack energy inputs and SWE are available only in a few locations globally, and yet in those
placesprecipitationis notmeasurevery accuraty and needs to be bias corrected bydvimder
catch using empirical equations (Krinner et al., 2018; Raleigh et al., 2015; Schldgl et &l., 201
Another challenge fohnistorically-calibrated models is to reliably predict snow dynamics detsi

of historical conditionsKumar et al., 2013)Solutions to this challenge are less established, but
more interannual climate variability in a study site may improve model accuracy in future
predictions.These previous efforts showed the challengesnofvMIPs in reliably representing
historical snowpacklynamics and questioned the applicability of snovwAtife of experiments in
informing how snow model structure impacts the uncertainty of future projectsserfy et al.,
2009; Chen et al., 2014; Kner et al., 2018 Consequentlyfuture efforts to rdiably demonstrate
structural snow model uncertainipderclimate change will require the combination of the best

available observations and more robust modeling tools.

We develop a novel multhodel eyeriment to illustrate the challengesfuture snowprediction
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due to model structural uncertainty and develop potential solutions to this loss of futu@uskill.
experiment focuses on a single, wielltrumented site (Swamp Angel in Senator Beck Basin,
Colorado, USA) that take advantage of multiple dattagi.e. snow pit mass and temperature
information and snow depth dattw) develop three objective functions with different levels of
information: peak SWE, snowpack melt rate and cold corifhig.exgerimental method allows us

to answer these questions:

4) How do snow models that accurately predict histor®AIE and cold contentespond to

future climate scenarios?

5) Are future snowpack predictions more uncertain than the past and what can be done to

mitigate prediction errors?

We usecurrent and future aiate simulationsitt 4km grid spacing using the Weather Research
and Forecasting (WRF) modglu et al., 2017), forced with current and RCP 8.5 end of the century
climatescenarioTheretrospective simulatiodataset includes current and futurehaimidty and
incoming shortwave and longwave radiations, in addition to the typical future temperature and
precipitationpredictions used in hydrological predictid@urrier et al., 2017; Kigh and Pomeroy,
2019; Musselman et al., 2018)/e force historicallyreasonable models with the future climate
scenarios and assess their accuraigg our best future guess (BFG) of the snowpack based on
the most observationally constrained models. Wthesize that uncertainty arising from model
structure under futurerojections will be larger than historical predictions, but that additional

observations of snow energy state may constrain model structural uncertainty.

2.2 Materials and Methods

2.2.1 Study Sites

We chooseSwamp Angel sitelocated in the westeran Juan Mountains of southwestern
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Colorado(CO) at3 7 A5 4 6 2 4 -180970A8482npN4, Q This 5ie & 4anjdidered an opsite

with no vegetation cover, located 8868MASL (CAIC, 2018. The averagannualwind speed

is 1 m/s and theneanannualprecipitationis about 1200 mn(CAIC, 2018) We perform ousnow
modelspreadanalysis iradry (2007)and wei(2008) watelear, when dust did not cover snowpack
(CODOS 2019) The peak SWE irR007 and 2008 was 711 and 977 mm, respectively. Snow
disappearance date (SDD) the dry and wet year ar249" and 259 day of water year,
respectively. We estimated average melt radatm/day in the dry year and in the wet year at

2.5 cm/day. We employ the snowpack properties in 2006 as a validation to assess our historically
accurate model performances. The peak SANWE&E melt rate in 2006 a®86 mm and 6 cm/day,

respectively.

2.2.2 Historical and Future Data Sets

Data measured at tlsavamp Angel site, including hourbpecific humidity(q, g/g) airtemperature
(AT, K), wind speed (WS, m/s), atmospheric pressfie, pa)and precipitatiorfP, kg/s/m), along
with houty incominglongwave(LWRi,, W/m?) and shortwavéSWR,, W/n¥) radiationare used

to simulatehistoricalsnowpack behavior. Hourly precipitation is corrected for wind induced under
catch using the wallmeteorological organization method (WMO, 198&)rainfall and snowfall
separatelyFuture climate projections from WRF under a pseudo global warming approach (Liu et
al., 2017) is used to simulate a spread of future snowpack dynAfRiIE.was run a#t km grid
spacingover western North America, which can captwr@graphic precipitation effectby
resohing convection and mesoscale orography@tial., 2017; Wrzesien et al., 2018; Rasmussen
et al., 2011, 2014 he WRF model was forced with the currelmnate datasdtom 2000 to 203

and a pseudo global warming scenario (PGW) underfiresentative concentration pathway 8.5
(RCP8.5)for the end of the century (Liu et al., 2107). Daily PGW WRF simulations 8HI and

LWRi» under historical (200Q@013) and future climate scenarios are subtracted and then averaged
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for each month (Tabl21). In the case of P and S\Whistorical and future simulations are divided

and theraveraged monthlgTable2.1). These miathly perturbations are applied to the Hp2007

and 2008orcing data to define the future scenariOsr multtmodel framework, SUMMA, then

is simulated under three historical and future scenarios:

1)

2)

3)

Historical climate scenarioObserved hourly forcingada is used.

PGW scenarioObserved hourlyind speed, and atmospheric pressure is used, along with
future projections for air temperature, precipitation, specific humidity, incoming longwave

and shortwaveadiations

PGWO0 scenarioObserved hourly windpeed, atmospheric pressure, and pretiqitas

used, along with future projections for air temperature, specific humidity, incoming
longwave and shortwavediations Since projecting future precipitation has the highest
uncertainty among the other fang data, we do not change historic préaition for this
scenaridLiu et al., 2017)Indeed, mcertainty in projected precipitation phase and magnitude
canresult in higher uncertainty in futusmowpack properties prediction which is the focus

of our gudy here Another reason for excluding= this scenario is the location of our site.
Swamp Angel is located in a mountainous forest with complicated orographic and cyclonic
precipitationand air temperatungatterns which is challenging to preditiy et al., 2017.
Although WRF model resolistn of 4 km can capture the orographic precipitation effects,
there remains uncertainty in projecting future snowpack behavior, such as snow albedo under

complex air temperature and precipitation patterns (Lill,e2@17).
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Table 2.1: Mean monthly erturbations (future historical) calculated from WRF simulations.
These perturbations are applied to hourly observed air temperature, precipitation, specific humidity,

incoming longwave and shortwaxediation.

Month | a&T(C°) | PF(-) | aS Kb/g) |aeL WRW/m2) SWRF (-)
Oct 6.30 1.03 0.0028 30.89 0.96
Nov 5.66 1.11 0.0022 27.67 0.96
Dec 4.95 1.18 0.0017 23.57 0.96
Jan 4.46 1.16 0.0017 22.66 0.96
Feb 4.22 1.12 0.0017 21.53 0.97
Mar 4.23 1.00 0.0015 20.54 0.97
Apr 4.89 0.86 0.0017 20.80 0.97
May 5.87 0.88 0.0019 25.72 0.99
Jun 5.78 1.23 0.0022 32.23 1.00
Jul 5.36 1.23 0.0025 32.54 0.99
Aug 5.32 1.09 0.0028 32.71 0.98
Sep 5.92 0.93 0.0030 31.24 0.99

2.2.3SUMMA: Structure for Unifying Multiple Modeling Alternatives

SUMMA is a multimodel franework that offers multiple model representatiof dominant
biophysical and hydrologic process#shasdifferent level of model complexity with several flux
parameterizéonsthat allow the quantification ofarious sources of model uncertainty (Clatk

al., 2015a).In SUMMA, the model physics and equations are cleanly separated from their
numerical solutionThe SUMMA framework supports a general set of conservatioatiens in
thermodynamics (energy balance) and hydrology (water balance) domaipsogides flexibility

in the choice of parameterizations and model equations. The flux parameterizations are totally
separated from the conservation equations which fdesitde investigation of different modeling
assumptions impact on future snow dynes (Clark et al., 2015a). The main SUMMA
parameterizations of snow thermodynamics and hydrology is explained in Supplementary section

1.
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2.2.4Spread Analysisof Model Dedsion and Parameter Combinations

SUMMA offers a broad range of different modeti#ons and parameters to quantify the physical
processes affecting the snow energy and mass budgets. We performed twosseisitigty
analyses to decrease our computational challenges and find theffiexisteemodel decision and
parametecombinatims. Model performance is assessed against three snow nateraged peak
SWEin four dates in each year when highest observed peak SWE was reagatagednelt rate
andtheday of snow disappearan®DD, defined as the first date when snow disappea#ter peak

SWE)in 2007 and 2008.

1! Sensitivity AnalysisWe hypothesize that some vegetatietated model decisions and
parameters may affect snow dynamics in our open sites, as our site is located in montane forested
area and may be affected by therounding vegetation. Please claryfferent parameteraions

for estimation of LAI (leaf area index), SAIl (stem area index), vegetation roughness length and
displacement height, canopy emissivity, wind profile through the canopy and net canopgahort
radiation are examined. However, our selected snowaadpeak SWE, melt rate and day of snow

disappearance) are not sensitive to them in our open site.

2" Sensitivity AnalysisThe purpose is to explore sneelated model decisions and parameter
combinations to find the ones that snow dynamics are sentitive broad range of both model
decisions and parametease explored individuallyincluding new snow densityatmospheric
stability corrections, albedo representation, snow thermal conductigitid water flux through
snowpacklayers and precipitatio phase which were showed effective in previous snowMIPs
(Chen et al., 2014, Essery et al., 20R€inner et al., 2018; Wang et al., 2016, You et al., 2020)

The most effective models and paraenswerechosen fothe historic spread analysis (TaBl&).

Historic spread analysidVe applied a spread analysis on the most effective combinatiorsded

decisions and parametéisable2.2) to whichthesnow metrics arsensitive. We used théARS-
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TOOL (Variogram Analysis of Response Surfa@sftware) togenerate a series of parameter
combinations in a realistic range, and physically suitable for our study site (Clark et al., 2015 a, b).
VARS-TOOL is a multimethod toolbox to simulate a range s#nsitivity indices, based on
derivative, variance, and vagmm conceptiRazavi et al., 2019)Vith combinations of 11 model
decisions 13 parameters, SUMMA is executed under 188fi@dent ensembkin Swamp Angel

in 2007 and 2008.

Table2.2: Modeldecisiors and parameters usedSUMMA spread analysis

Fluxes/properties Variable Model Parameters
i. fraction d radiation in

visible part of spectrun|
Variable decay rate (Frad_vis)

( Bi ospher e]ialbedoSootLoad

. Transfer Scheme iii. albedoMaxVisible
Shortwave radiation | Albedo BATS approach| iv. albedoMinVisible
Anderson, 1976| v. albedoMaxNearlR

Dickinson et al., 1993)| vi. albedoMinNearIR
ix. albedoDecayRate
X. albedoRefresh

MO similarity
Atmospheric (Standad; Monin and| i. Critical Richardson
Turbulentheat fluxes iy Obukhov, 1954) number

Louis inverse, 1979
Jordan, 1991 -

Thermal

conductivity of Tyen, 1965 . .
snow Smirnova et al, 2000 . F.'X. thermal
. conductivity of snow
Snow properties Hedstrom and Pomey, |
New snow| 1998
density Pahaut, 1976 -

Constant Density -
i. hydraulic conductivity,
of snow (k_snow)

i. exponent for meltwate|
flow (mw_exp)

i. critical temperaturg
where precipitation i
snow or rain
(tempCriticRain)

liqguid water flux| Relative
through each layer g saturation off SUMMA
snowpack snowpack

Precipitation phase | Fraction of snow| SUMMA

1BALS computes snow albedo as a combination of the visible wavelengths albedo, infrared wavelengths
albedo, and soot content which are functions of both snowradjeolar zenithragle
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2.2.5 Objective Functions toEstimate Model Accuracy and Ensemble Spreasl

We defined thre@ronged objective functions (OFs) to find the historically reasonable model
decision and parameter combinations out of 188500 ensembke OFs include normalized

absolute error of peak SWE, melt rate, and snow cold content prior bedgmening of the melt

season:

0P (2-1)
0 "Q (2-2)
e (2-3)

We defined an accuracy thresthalf 10% for peak SWE (OF1), 20% for melt rate (OF2) 0% 6

for cold content (OF3), to define thkistorically accuratedecision model and parameter
combinations Figure2.1 shows cumulative probability functions of our three OFs. Black line in
this figure depicts the threshold that we choose for each OF. Threséiolds were chosen because
they result in high accuracy in projected snow dynamics, as wetraputationally acceptable
number ofmodeldecision angparameter combinatiorfer the climate chage analysisWe also

found that small changes in this teheld have limited effects on the results defining the BFG
(Figure 2.1). Afterward, we perturb SUMMA under two future scenarios of PGWO0, and PGW
using three sets of modd¢cisionandparameter cotvinations derived from three OFs: peak SWE
(OF1), peak SWW and melt rate OFs (OF1+OF2), and peak SWE, melt rate and cold content

(OF1+OF2+0F3).
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Figure2.1: Cumulative probability functions of the three objective functions. Black lines represent
the thesholds chosen for each objective function (10% for p&sk $OF1), 20% for melt rate
(OF2), 60% for cold content (OF3).

2.3 Results and Discussion

2.3.1 Are historically accurate models right for the right reasons?

A threshold of 10%in peak SWE (the sipies, objective function, OF1), retains numerous
reasonald model configurations that have equifinalagross important model decisions and
parametersipplying a threshold of 10% in peak SWE accuracy retains 1.9% of the models (3547
of 188,500). We validted this subset of ensembles after OF1 using 2006 fatatag Figure 3.2).

In general, the ensembles are able to reasonably simulate SWE time series in 2006 along with
averaged normalized melt rate and SDD, with more discrepancy on peak SWE (Rigtng S

One reason for this discrepancy can be attributed to challenges in estimatingcaioder
precipitation in that yealrigure 2.2 presents thenodeldecisionsand parameterselected using

OF1 in a simplified onceptual diagranof the SUMMA framework (i.e. a subset of the
6horrendogramdé from Clark et al. 2015a). This
higher probability of being chosen (pie charts in Figlr&). For example, among the three
parameterizations fosnow thermal conductivityt h e A S miSmimava ed @l., Z000)

parameterization is included in 58% olyent he en
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1965) and 25% for the AJordano (Jordan, 1991)
for estimating the atmosptic stability and new snow densitfigure 2.2, pink and purplepie

chars respectivelyhave roughly equal probabilities to be chosen as the most appropriate model.

In addition, parameters associated to a single model decision can have a wide rangesof va

(shown as the line plots in Figuke 2) and stil |l satisfy OFL1. Thi s
tradeoffswith other modeling decisions and/or parameter valdesexample the albedo decay
rateparameter tends to be unimodal in the stantimad pahaut (stp) parameterization, but bimodal

in the standargminrnovahedstrom (ssh) models set. These bimodal distributions are also found

in snow hydraulic conductivity distribution (Figue2, in thestandaresminrnovahedstron(ssh)
parameterizationgnd may suggest equifinality across model decisions and parameters leading to

reasonable calibration despite widely different range of parameter values.

Adding more observethformation through two additional objection functions (i.e. OF2 and OF3)

leads b fewer model configurations that satisfy the required absolute model accuracy (OF<10%,
OF2<20%, and OF3<60%) and less evidence of equifinality across model decisions and parameter
values (Figure &3, 2.4). After including OF2 (associated with melt ratee number of model
ensembles is reduced to 572 (from 3547 using OF1 alone). Snow thermal conductivity is better
represented by the fSmir,mparametérs spch msasmevthedrailic at i o
conductivity continue to show bimodal distribute(frigure 2.3). The number of selected model
configuration is further reduced to 217 when O&Ssfciated witleold content of 60%) is added

(Figure 2.3). In this case (the most restricted), a single parameterization is often chosen, such as
the ASinifrmrovsnow thermal conductivity, and the
constrained (Figure Z3). However, even with only 217 models (out of #&8,5000riginal

ensemble members), there still rensaincertainty in model decisions (e.g. aspheric stability)

that are indicative of equifinality. The overall results match our expectations emphasizing that

addition of moreobservational information constrains model decision and parameter spread, but its
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effects on structural model uncertainty a future climate is of great interest for hydrologic

prediction.
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Figure2.2: Multiple alternative model and parameter options used in the spread analysis under a
simplified conceptual diagram of SUMMA frameworintegrated as part of the SUMMA

numeri@l solver. Pie charts and plots show model options and some of the parameter options
involvedin the OF1 accurate ensemble spre&de onlywrotethe name ofemainingparameters

for simplification(We only chooséitsp 0 il j c0 and A s s hdretorsbavegsanc o mbi |
example.i s tispad abbreviation fostandartityari pahaut staimdard t o est i mat e atn
stabilityi 6 yJend t o eherimal coaductvity of snow gahaud (Pahaut, 197600 estimate

newsnow densityfi s sishthe abbreviationor standardsmirnova hedstrom and fAlij co f or

jordari constank

2.3.2 Predicting the future with historically accurate models

Using the 3,547 model configurations that passed the 10% accuracy threshold BY\{ieaking

OF1, we predict a spread ofampack response under our pseggiabal warming scenarios (i.e.



25

PGWand PGW)) in the wet and dry water year. Averaged peak SWE changes (futisterical)
are-343 and263 mm inPGWO0andPGW, respectively (Figur2.3) which reflects an 11% increase

in winter precipitation in the futur®GW scenario. Accurate historic ensembles have standard
deviation of 28 mm for peak SWE, which increases to 34.6 and 30.4 mm for PGW argl PGW
respectively (Fjure 2.5). PGW scenaricshows more variabilityas itincludes future changes in
precipitation which adds more uncertainty to snow projections. Despite the increase in future
showpack variability compared to the historical period, fuspreadsonsisteny predict a mean
decrease in peak SWEnsemble spreads alsgrae that SDD will decrease on average by 44 days,
with a small variance of aboutddays for the %47 historically accurate models (using OF1)
Large uncertaintyin projectionsexiss in changes insnowmelt rate whereboth increases and
decreases aretdind (Figure2.3). These models support a null hypothesis that future predictions

will be more uncertain than historical across different climate scenarios.

Adding more thermodynamic informatiabout the snowpadke. melt rate and cold conteint

OF2 a OF3 substantially reducevariability in future snowpack projections (Fig@8) as the

range of model decisions and parameters is constrained. We take advantage of the consistent
reductionin variance of the model spread in both historical and figceearios (FigureZ5) and

define the ensemble mean of the 217 historically accurate models after applying OF1, OF2, and
OF3 as the best future guess (BFG) of snowpasgonse to climate chge (horizontal lines in
Figure2.3 c, d, €).The peak SWE for odels validated only with OF1 had an error of 3.5% (19

mm) for peak SWE compared to tBEG from PGW scenario (Figuie3c). The BFG generally

shows 2 and 1 days later SDD than the OF1 ensemble mean under PGW and PGWO scenarios.
More interestingly, the BF@redicts a 10% faster melt rate than the mean ensemble using only
OF1 under the PGW scenario (Fig@r8). It projectsa 32% slower snowmelt in dry year (1.30 and

1.23 cm/day), but 29% faster in wet year (2.2 and 2.13 cm/day) under the PGW scenario,

respetively (Figure 2.5 b). These changes are captured reasonably well by using OF1 and OF2
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together, but poorly estimateing only OF1 (Figur@.3). These overall changes are in contrast
with melt rate projections in North America that show a lower snotvratd in deep snowpack

(like the one in our study site) that begin to melt earlier under a warming climate wheiomadiat
lower (Musselman et al., 2017). Developing the BFG requires a number of assumptions (section
4.3), but it helps to set up a reaable multimodel experiment timprovethe chances of choosing

amoreeffective (i.e. BFG) snow modstdo predict the #ects of climate change on snowpack.
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daily melt rate(d)and SDD éunder future cl| iOhadh@afiRGWhaandst h

different OFsNegative values indicate decreased snow metrics in a warmer climate.

2.3.3 Implications for future snow prediction with conventional models

The unique multmodel framework and BFG demonstrates the high likelihood of sedextsnow

model that poorly predicts the future, despite being effectively calibrated to the past. Due to the
configuat i on of SUMMA, each mod-thés hreelpfrée ssemavs laa nrde
model that has been calibrated for the Swamp AntgelEherefore, we give each calibrated model

an equal chance of being selected, and estimate the 50%, 25%, and &%pavimsming models
against the BFG (Figur24). The increases in future uncertainty are slightly higher in the PGW
scenario than the R&0 scenario, in gener@Figure2.4); therefore, here we only focus on PGW

for simplicity. Using OF1 only, the deviatis from BFG for melt rate and SDD are not substantially
higher in the future PGW scenarios than historical (Figute However, theres a 5% chance of
selecting a model with 61% higher uncertainty in projecting future peak @WViE blue bars in

the first row of Figure2.4). Using OF1+OF2+0F3, the deviatidnam BFGfor peak SWE under

future PGW scenarios is much higher than the héstbdeviations. For example, the 5% worse
models increase the uncertainty in peak SWE prediction by 58% underuB®dY OF1+0OF2.
Similarly, the 5% worse models increase the uncertainty in SDD increases by 105% under PGW
using OF1+OF2. These results reflaow structural uncertainties in historically accurate models

interacts with an uncertain neaationary future @nate to increase predictive uncertainty.

The increase in future uncertainty relative to the past is likely due to snow processes operating
outside their historical range of variability or interacting with other processes in new ways (Figure
2.2). Changsin future climate are substantial at Swamp Angel, leading to about 14d&tnease

in SWR and ~10 W/#increase in LWR (FigureZ%6 a, b)However, snowmelt timing is affected

by increased turbulent fluxeEigure 2.6 ¢) and decreased net radiation,iethgenerally led to



28

higher net energy fluxes (Figur@.8) during the snowmelt season (and higher melt rates). A 50%
decrease in sublimatiqiigure 2.8) is caused by a combination of reduced SWR, higher absolute
humidity, and smaller snowpack with a gieo season. Much of these results for projection of peak
SWE are complicated by 420% increases in precipitation during the coldest pesiatie year
(Table2.1). The interactions of different PGW scenarios (and interannual variability in climate)
with model decision and parameter combinations make tracing the source of these uncertainties
difficult. However, future smalscale studies in aas with similar climate could perhaps use these
results to preselect the most appropriate decision models andnpeters and try to include
important information (such as snowpack melt rate and cold content) that may have been

insignificant in the past.
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Figure2.4: Deviationfrom BFGcorresponding to 5%, 25% and 5@¥ebabilitiesof choosinghe
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and PGW scenarioBeviation values for peak SWE theabsolue difference betwegpeakSWE
spreads and its BFG, divided by the BFG. For melt rate and day ofdisappearance, wanly

calculate the absolute difference.

One effective mitigation strategy to constrain future model prediction uncertainty is taicerod

more observational information into the historical calibration. This is supported by the degreasi
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range of model decisions and parameters as objective functions are addedBignFigures
S2.3, S2.4). Adding information about melt rate (OF&ubstantially constrains future uncertainty
compared to only calibrating against peak SWE (OF1) édpeamong the 5% worse performing
models (Figure2.4). In contrast, there is only marginal improvements in future predictive
uncertainties of the 50% a2&% worst performing models when cold content (OF3) is added, but
there is a consistent improvemeantuture uncertainties of the 5% worst performing models. One
of the main limitations of our approach is assuming perfect experimental designs, simmelelr

is a physicallyrealistic multtmodel, simulated for a site with ¢ocated forcing and snowpac
observations which is an ideal layout to develop our approach. We do not expect our snowpack
predictions to be easily transferred to other sites whegs historical and future climate will lead

to a different set of calibrated models and differerdranttions with future climate. However, our
results provide evidence that alternative muoitdel approaches hold promise for reducing model

structural unertainty.

24 Limitations and Strengths of Future hydrological prediction using multi-model

projects

Our example of an intercomparison of snowpack response to climate change offers a unigue multi
model framework to explore and improve historical andrfithydrological prediction. Despite
focusing on aelatively isolated set of snow processes in an opencanapy covered site, we

show that climate change scenarios interact with the subjective model decision and parameter
combinations and lead to higtructural uncertainty (Menard et al., 2020; Fig2uZ2and 2.3). Our
intercomparison approach highlights the importance of creatively leveragirdgcated
observations into objective functions to sufficiently constrain model decisions and parameters. The
choice of objective functions and their threshaoddle impactful on the spread of future snow

properties Although we showed that20% decrease ithe OF thresholds (Figure S2.1) does not
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have dargeeffect on thduture spreadf snow properties, a sgitivity analysis on the thresholds
may better aido determinghe BFG of snow behavior. One mayseMulti-objective Evolutionary
Algorithms (MOEASs) such ashe nondominated sorting genetic algorit(iiDSGA) (Reed et al.
2013 Deb et al. 200g to find an optimum threshold fadhe OFs. These optimizatioapproaches
can bealsoapplied toconstrain theumber of model decisiornd the range of parameters that are
incorporated in the structural uncertaif®egardless oivhich approacksto beused to selct the
model decisions and parameter ranges f.esimple onavay uncertainty analysidike our
approach in this stugpr amorecomplex optimizatiooethod like NDSGA), themodeldecisions

and parametes selection based on calibration mats, canle a d edtuiinalifyo (Feng and
Beighley, 2020. In fact, the equifinality exist across the adel decision and parameter
combinations, and those combinations are perhaps not right for the right relbonghsheyare

able to reasonably simatkthe higoric snow propertiesOne proof for this equifinalitys more
discrepancy on peak SWdiimulationin 2006(Figure S2.2b) when hstorically-reasonablenodel
decision and parameter combinati¢afier applying peak SWabjective functiop arechallenged

to simulate peak SWHEHere webring in two reasos for the overprediction of peak SWEL)
attribuion in estimating undecatch precipitation i2006 and 2)}he absence afust on snowack

in thecalibration years of 2007 and 2003 least amount afark mineral dushas been observed

in two calibration years d2007 and 2008 in Swamp Angel, bubredust layer was observed in
2006(CODOS 2019) Since the presence of dust on snowpack affects snow albedo and absorption
of solar radhtion, it may also challaye the prediction of future snow properties; hence, it needs

careful attention in future studies.

Our intercompariso@pproach has a broad application to stady hydrologic variable response
to climate changebut haslimitations If we would include egetation influence on snowpack
response to climate change in a forested site, or investigate additional hydrological processes, like

soil drainage, evapotranspiration, the modeling framework would become more complex and
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require additional observationas the model complexity increases, du¢h® largemumbes of
model decisions and parametethe higher level of equifinality woultiappen Although all
hydrologic modelsrepresent asimplified version of natural hydrolgic processes (Beven and
Cloke, 2.2, Fengand Beighley2020, one may argue that higbhysical complexityin modelng
frameworkamakesghem harder for usetsunderstandNlenard et al., 2020Simple degreelay
snowmelt model, as an example, onbguiresdaily air temperature athe forcing dataand a
degreeday coefficient as the parameter, andniiay accuratelysimulatehistoric snowpack melt
rate in some locatiarand under specific climate conditioifowever it is challenging to examine
the snowmelt response to climate ofpansing such a simple model which does not count for future
either incoming longwave and shortwave radiations or precipitation and atmospheric humidity.
Therefore,more complex modglg frameworks are still needed to not only study the intricate
impact of climate change on hydrologic process, butsimulate detail historic behavior of
hydrologic variablesStill our intercomparison approachn aid tdetter understand the predictive
uncertinty of a wide variety of hydrological processes under climasngd by creatively

leveraging ceocated observations into objective functions

Although ane of our fundamental findindsghlights the importance dufficiently constraiimg

model decigins and parameteusingco-located observationadequate obsertianal datasetare

not often available or scalable for other hydrological processes like soil water dynamics and
evapotranspiration. New observations will be critical to increasing maddit§i and reducing
structural uncertainty in more complex hydgikal processes. For example, geophysical
measurement of soil moisture from cosmic rays (COSMOS) at a sufficiently large scale helps to
avoid issues that plague fielthsed sensors may haws they are not representative of the
surrounding area (Zreda at.,, 2012). COSMOS may bring in more information to constrain
structural uncertainty in future soil water dynamic predictions. Additionally, our framework relies

on accurate forcing informian that can be very hard to constrain (e.g. precipitation and win
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speed) over complex topography. Improved forcing datasets, from more observations will have
cascading effects on reducing structural model uncertainty. Applying this framework to other
hydrological processes, like evapotranspiration, is tempting but mdtessitate careful
experimental design that utilizes the accurate associated observations. The computational
challenges of performing sensitivity analyses on even more complex hydrologiesges is
substantial. The future efforts require to overcommmatational constraints by using powerful,
highper f or mance supercomputers, particularly
under future variable climate (Chegwidden et al. 208®wever, many of the ingredients needed

to perform more detaileshodel uncertainty analysis are available and a concerted effort should be

undertaken in the hydrological sciences to constrain our predictions under climate change.

Supplementary Materials, Methods and Figures

S2.1 SUMMA, Structure for Unifying Multiple Modeling Alternatives: Dominant Process

and Flux Parameterizations

SUMMA formulates a general set of conservation equations and simulates thermodynamics
(storage and flux of energy) and hydrology in atmosphere, canopy, snow and soil (Clark et al.,
2015b). SUMMA has a hierarchical spatial structure consisting of a caliectif Grouped
Response Units (GRUSs), and a collection of Hydrologic Response Units (HRUs) within each GRU.
It HRUs can also be used to examine different hypotheses and modelling apporetifesame

area with same forcing data. In fact, they can be egpp@s a tool to analyze the sensitivity of

physical processes and variables to several models and parameterization.

In this research, SUMMA is simulated with energy flux for upper boyndandition (BC) and

thermodynamics and zero flux for lower thermodgnics BC, implying if there is snow on the

f
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ground no energy flux goes into the sd@lldrk et al., 2015). For the hydrology section, liquid

flux is chosen as the upper BC, and drainagehe lower BCClark et al., 2016). ROSETTA
(Schaap et al., 20019 used as soitategory dataset and 'sandy clay loam' is the best matched soil
category for our siteQlark et al., 201B). We assume that soil properties of our site are saturation
wate content = 0.384vanGenuchteralpha =2.11;vanGenuchtem = 1.33 saturated hydraulic
conductivity = 1.526 x 18(Clark et al., 2015). USGS vegetation category dataset (USGS, 2011)

is used with 'Grassland' cover. We assumenA 0.52; LAlnax = 2.90; emissivityhin = 0.920;
emissivitynax = 0.960; albeda, = 0.19; dbedanax= 0.23 in our siteClark et al., 201b). Toward

the scope of this research, the main summa parameterizations of snow thermodynamics and

hydrology is explained here.

Snow Thermoginamics: In snow domain, the thermodynamic conservation equatigtyitdeng

the change in stored energy for snow, can be written as (Clark et ab)2015
o— " 0 — — (S21)

where’Yis the temperature (K) and the superscript s refers to the snow domain. The first and second
terms on the lefhand side (LHS) of equation (1) show tlkeenperature change and phase change
respectively. The rate of change in snow volumetric ice contenis associated with melt/freeze
processes where an increase-n is freezing and a decrease is melting (Clark et al., 2015b).

is assumed 917 kg3 and0 is a physical constant defining the latent heat of fusion. The

vertical energy flux of snow (F) can be defined as
O (S22)

where 0 AT R are the net shortwave and nengwave radiation fluxes (W ),
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0 AT ® are the sensible and latent heat at the height of the satimcsphere interface

(& "Q ), and0 is heat exchanged by precipitati@@lark et al., 2015bJQ is theheight of

the snowatmosphere interface (z is positive downwards, @ndis negative when snow is present

and otherwise is zero (Clark et al., 2015b)is the thermatonductivity within the snopack(W

m* K1). The thermal properties of snowary during the melting process and is a function of the
snow density and snow microstructure (Nuijtena and Hgyland, 2017). Fresh snow has a lower
thermal conductivity than old sw. The values of the effective thermal conductivity range from
0.025 to 0.58V m K- for densities from 10 to 550 kg A{Nuijtena and Hgyland, 2017). Nuijtena

and Hagyland (2017) show that thermal conductivity of snow depends on the percentage of water

content— , ice content— , and air content— , in the snowpack, and their distributton
0 absorbed by snowpack can be parameterizd€layk et al., 2015b)
0 0 p | (523)

whered  incoming shortwave radiation, and is the surface snow albe@®lark et al., 2015b)
The snow albedo, ranging from 0.63X86, is an important factor controlling snowmelt. Based on

the fractional snoveovered area, the sucalbedo|( ) can be equal t¢Clark et al., 2015b)
p Q| Q| (524)

where | and| are the albedo of soil and snow surface respectively,’@ndis the
fraction of ground covered in snd@lark et al., 2018). To examine temporal snow albedo change
using a physically, reatic approach, two processes should be included: (1) temporal evolution of
the size of the snow grains, and (2) deposition, burial, aetergence of atmospheric particles
(dust, soot, &.) and leaf litter and the impacts of soot, dust and forestdittebsorption of solar
radiation at different depths in the snowpé#Ckark et al., 2015b)Then, Snow albedo decay can

be represented Wlark et al., 2015b)
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R R QY | g (S25)

wherg is the albeddor diffuse radiation, r and i are the maximum and minimum

snow albedo, sf (m s1) is the rate of snowfall, ri8f (kg n?) is the mass required for albedo
refreshment and (s-1) is the albedo decay e{DR). The first term on the right represents
increase in albedo assaed with new snow, and the second term on the right shows albedo decay.
To model albedo decay rate, two methods are available: (1) Canadian Land Surface Scheme
(CLASS) where the albeddecay rate is constant in time, and (2) the BiosphAar®sphere
Transer Scheme (BATS) that the albedo decay rate varies ove(@tak et al., 2015b)in the
CLASS approach, setting  =0.7 if no melting occurs in the time step, and = 0.5, if

melting occurs. Th&) parameter in CLASS is set to 0.01/3600 lark et al., 2015b)In this
approach the diffuse albedo assumes to be equaktdirect beam albedo ( | )s
because the difference between direct affds# albedos is large only at high solar zenith angles
when shortwave radiation fluxes are smblie BATS approach estimates the albedo separately for
visible and neainfrared wavelengths. Ihcorporates snowging factorsrepresering effects of

grain growth due to vapor diffusicendthe effects of dirt and so¢Clark et al., 2015b)Skiles and
Painter (2017) show that dusty surface snow can reithgcalbedo to 0.3 and causes 50% faster
snowmelt. The rapid melt can lead to a reduction in both giamand density of snow layers
(Skiles and Painter, 2017). Reduction of snow albedo by absorbing darkening particles also is

higher for old snowpack #m new snowpack (Dang et al., 2017).

Two sources of longwave radiation are considered here: (1) loegadiation from the sky to the

snowpackp  and (2) longwave radiation from the snow surface, :
0 V] 0 (S2-6)

0 A% (S27)
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0 % (S2:8)

where, (W m2K™*) is the StefasBoltzman constant, AT A define the emissivity from
the sky and the snow surface respectivEhe snow emissivity is in a range of 0.9 to 0.99 (Schlink
and Hertel, 2018) with a baseline value of 0.98. The @vtisef sky depends on the atmospheric

vapor pressur&l]) and air temperature (Gubler et al., 201

Sensiblef )andlatenthat @ ) fluxes from the snowan be defined g€lark et al., 2015b)
wdé Y Y (S2-9)
0 — % QY Q (S2-10)

where” (kg m3) and® (J kg1 K-1) are the density and heat capacity of &ir, (J kg1) is
the | atent heat of v ahpmtioiofzha mdleoutar, weight of vgatetvdpormat i o
to dry air ad equal to 0.624) (Pa) is the air pressure, s the rdative humidity of air in
the surface snow pore spaée, (m s1) is the conductance of heat and watapor, T (K) is

temperature, e (Pa) is the vapor pressuréandPa) is the saturated vapor presqi@iark et al.,
2015b) These fluxes ar positive towards the surface. The total heat flux to the atmosphere

(positive downward) is representesi(€lark et al., 2015b)

Ho6 Y Y (S2-11)
0 — % Q 0 (S2-12)

where6 andd (m sl) is the conductance of heat and water vapor from the snow to the
atmosphere, andy (K) and'Q (Pa) are the temperature and vapor pressure at the upper

boundary (i.e. the model forcing).

0 andd are depending onind profilesand aerodynamic resistan@lark et al., 2015b)
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Wind profile is a cruciafactor which can dramatically change latent heat fluxes. Air flow across
patchy snow cover also leads to lesahle sensible heat fluxes to snow (Harder et al., 2017).
Harder etal. (2017) considered both horizontal and vertical wind speed in calculatérg and
sensible heat fluxes using the wdimnensional Reynoldaveraged scalar budget. They
demonstrated that deceleration and upward motion of airflow causes temporallyicdyiiam

temperature and vapor pressure profiles, and leads to vertical sefisib) and latent heat

advections1 ). Infact,1 requires an upwind wetted surface as a source of vapor pressure.

Wind profile (u)is defined as (Harder et al., 2017)

6 —li-€—10Qa (S213)
where m (m) is the height of the profile of intere¢ 8 0. 4 i s von Kdismanos
displacement heigh(m), z is surface roughness, (mgnd u*is mean interval friction velocity

Complete parameterizations of these variables can be folttatder et al., 2017

Snow Hydrology The snow subdomain is approximated as multilayer vertmaimns that drain
into the soil subdomain. The congation equation for the liquid water in the snow (snowmelt) is

defined as (Clark et al., 2015b)

h (S214)

g — —_— (S215)

whereO andO are the losses due to evaporatidfiquid water within the snowpack and
sublimation of ice from the snowpack (k@m1), andr| § is vertical flux of liquid water (m-s
1).1 defines the vertical flux of water in solid form repregsgthe throughfdland unloading
snowfluxes (Clark et al., 201. The vertical flux of liquid water)  , within the snowpack is

defined as gravity drainag€lark et al., 202b):.
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s 0 — (S2-16)

where 0 is the hydraulic conductivity of snow. This equation assumes thaitygfavces
dominate capillary forces and neglects the capiltarm. The hydraulic conductivity of snow is

parameterized usin@lark et al., 2015b)

0 — 0 _ (S2-17)
— n — (S219)
wherev (m s1) is the saturated hydraulic conductivity of snew, is the porosity of

snow,c is an exponet related to the pore size distributien,  is the irreducible liquid water in
the snowpack, and  defines the fraction of pore space that must filled before drainage of liquid

water can occufClark et al., 2015b)
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Figure 2.1: Cumulative probability functions of our thredbjective functionsBlack line in this
figure pictures the threshatdhat we choose for eadbjective function (8% for peak SWE OF,
16% for melt rate OF, 46% for cold content O 8046 model after peak SWE, 64 models after

melt rate, 17 models after CC).



39

a 0.20
800 T
% § 0.15
'€ 600 X c
E £ 2
o -3
= 400 9= 0.10
T2
200 Eo
2 < 0.05
0 . .
o B 530 & 0% 030 -
o R o oo o 0.05 0.10 0.15 0.2
2w ° ) ° ° ° averaged normalized max SWE
Time 2005-2006 2007 and 2008
0.12
T o
a > e
wn c o >
-2 0.08 £ c
is =
@ f_U _g
§ < RS
cw N2
8 004 © ©
o~ E o©
= O
o™
c
0 .
0.04 0.08 0.12 02 06 10 14 1.8
averaged normalized SDD averaged normalized melting rate
2007 and 2008 2007 and 2008

Figure 2.2: SUMMA model simulationof SWE (a)for validation year of 200%nd averaged
normalizedpeak SWHb), SDD (c) andmelt rate(d) for 2007 and 2008 versus 2005.



40

08— 06 —
bs ¢ Critical @ Hydrology W% Albedo o
i A ) . 0.5 - lc
Richardson ™ © Thermodynamics i o4 1 Soot Load

204 | Number R = . . 204 Fraction N
Z0s I =, Conservation equations z, of visible | Zos
3 . 2 .. 5
Loz % QO Physical Processes %0 radiation 2,

o P Models 0 01

0.0 SV B¢ Parameters 0o

010 015 0.0 025 0.30 .35 0,40 045 050 v TR

Albedo max
in Visible

— ssh
— lic

Albedo
Atmospheric Ra Refresh
stability fl

diation

uxes

—
’ — — \
- -~

Snow N ~

temperature
-~ ...p - s

05
Albedo

204

£ decay

803

rate

Net energy
fluxes

\

x10f
02 04 06 08 10 12 L4 16

1
Albedo max

in NearIR

Temperature for

rain-snow separation \‘\\l\
AN

Albedo min
in NearIR

Albedo min
l in Visible

Thermal
conductivity
of snow 1

exponent for hydraulic

conductivity

meltwater flow

0.4

2 z

o3 = of snow r

2 2

2 2

s 3

w02 &0 Fix Thermal
0.1 Conductivity

of snow

0.0 UBC: Liquid flux LBC: Drainage

200 2.25 250 2.75 300 3.25 350 375

FigureS2.3: Multiple alternative model and parameter options used in the spread analysis under a
simplified conceptual digram of SUMMA framework, integrated as part of the SUMMA
numerical solver. Pie charts and plots show matielnative optionand someof the parameter
options that we explored in the accurate ensemble spread agew@rpplymelt RateOF with

20% theshold plus peak SWE OFOR2) that leads t&08ensemble members



41

— 10
Hydrology — =
- @ Hydrology . =08 Albedo
£ umb 2 £ Conservation equations Zos of visible 2
3, Number / S - X z radiation  %g,
i Q) Physical Processes 8oa 5
E £
0z € Models 02 02
00 [ Parameters o
010,045 520 025 090 0.5 0.0 0145 050

Albedo max
in Visible

— ssh

Albedo
decay
rate

Albedo
Ra Refresh
fl

diation
uxes
-
- -~y

Atmospheric
stability

Albedo max
in NearlR

Albedo min
Albedo min in NearIR

in Visible

Thermal
conductivity
of snow

th.nmm

08  exponent for

0.6 meltwater flow hydraulic

&

z z -
Eua En conductivity Fix Ther-m.al
£ g , of snow E‘rosn “(‘l;:fllvlt y
02
0.1
00 UBC: Liquid flux LBC: Drainage

200 225 250 275 300 325 350 375

Figure 2.4: Multiple alternative model and parameter optiossdiin the spread analysis under a
simplified conceptual diagram of SUMMA framework, integrated as part of the SUMMA
numerical solver. Pie charts and plots show model options and some of the parameter options that
we explored in the accurate ensemble spraféer ORB. We applycold contentOF with 60%
thresholdplus melt rateandpeakSWE OFs (OF3) on 188500SWE time seriethat leads t@17

ensemble members



42

OF1 OF1+0F2 OF1+0F2+0F3 OF1 OF1+0F2 OF1+0F2+0F3
1100 a Dry Year 1100 Wet Year
1000 1000 & = -
£ 900 900 :
E 800 800
S 700 700 7
% 600 & = 600 T
£ 500 _%_ ; 500 + “
a0 } & t ~ T 400 : '*
300 300
Y Y AN Y Y N
SR @ e SR N e
\e\\ Q\\ \Y Q\\ \Y \Y
OF1 OF1+0F2 OF1+0F2+0F3 OF1 OF1+0F2 OF1+0F2+0F3
5‘2.5 Dry Year 25 Wet Year
e22 b 2.2 + .
2.0 {. & 2.0 ' % I .
0] T
g,1.8 + ; 1.8 -i- i f o
215 + - . : 15 1L 7
€12 ; % é é L= 1.2
1.0 : 1.0
50.8 0.8
=05
N Y Y N Y N
. &0{\%’%’\‘\\%@‘\\ . \.0(\({}’\‘\\0?6\“\ . \9(\%%’\?\%0\‘\\ . 0‘.\%%’\‘\\%6\»\ . &0{\(‘%’\‘\\0‘2@“\ . \.0(\%%\?\%6\&\
Y\\‘a \e\\‘v ‘(“\6 \(\\‘9 \)\\" ‘e\\f:
300 OF1 OF1+0F2 OF1+0F2+0F3 300 OF1 OF1+0F2 OF1+0F2+4+0F3
Dry Year 8 Wet Year
=280 280 ;
©
[
> = -
=260 ;C 260
© = L]
=240 240 i .
Iz g & -%- 'i' = F
>220 o 220
© P
0200 * '%' -~ 7 200
=) : g i
“ 180 180
A ¢ A ¢ A0 ¢ A0 A0 gt A0
b &0‘\%«’6\“ © -\q@(\%&e@ © -\c_.@(\(éé\\ © -\f,xo‘\("?@ﬁ © @6\0‘\(‘3(’@ © @6\0‘\%@‘\\ ©

Figure 2.5: Variation of projected pea8WE (a) melt rate(b), andday of snow disappearance
(SDD) (c) undethreedifferent sets obbjective function§OF1: peak SWE; OF1+0OF2: peak SWE
+ melt rate; OF1+OF2OF3: peak SWE + melt rate + cold contefot) 2007(dry year)and 2008

(wet year)



OF1

=
B
o

=
N
o

Net SWR in melting season (W/m2)
© o
=1 o
+——

[=)]
o

200 ot
(2
.e@(\%@‘:‘ ©
\y

N

ul
o}
=
-

o

=

—l—
-I»—.—h
i

oA B oW

o

n
u

o

Net LWR in melting season (W/m2)

& &
w

S it
.‘,_}_0‘\%%’ QO
('\“

OF1

1 1 1
~N U NN,

] 1
= e
N O

Net turbulent flux in melting season (W/m2)

A® N
PEORS
&

O
&9
o'

OF1+0F2
Dry Year

"ok

20
%@\Q(»

OF1+0F2
Dry Year

Te

:

SV
(2
5‘9‘;\({?@‘& QG

OF1+0F2
Dry Year

)
C,‘-o(\%%’\“\\ ?G‘\\

OF1+0F2+0F3

= &

SRt
e s
OF1+0F2+0F3

el

e
-40(\%@\‘ ©
A

OF1+0F2+0F3

A0
.C,&O(\%%’\‘\\ ?G‘\\
N

140

120

100

-12

O
\5&0‘ ?

<
s

43

OF1+0F2 OF1+0F2+0F3
Wet Year

{: &

T

A0 AR o
O @9@‘\%"0@ ©

OF1+0F2 OF1+0F2+0F3
Wet Year

o0

EI]

OO ot (O ot
40(\%@&\ © _a@\%@ﬂ &
A

b

OF1+0F2 OF1+0F2+0F3

Wet Year

E %
[} 3
NP N0 A
e S
A R

Figure 2.6: Variation of projectechet shortwave radiatiofa) net longwave radiatiofb) andnet
turbulent fluxes (cunder three different sets of objectivandtions OFL: peakSWE; OF1+OF2:
peak SWE + melt rate; OF1+OF2+0OF3: p&NKE + melt rate + cdlconten) for 2007 (dry year)
and 2008 (wet year).



44

N OF1 OF1+0F2  OF1+OF2+OF3 OF1 OF1+OF2  OF1+OF2+0F3

$80 Dry Year 80 Wet Year

=

270 70

& i .

g i E3

560 | o 60 '%' %, %l +

550 IiT] 50 | P

< i

2 ] 1

240 ; 40 1

s P ¢4

;30 30

=2

A® A A A0 A A

oy e e S o ECAES SR o e
& & & & & &

Figure 2.7: Variation of projectedhet energy budget (WAnof snowpackunder three different
sets of objetive functions QFL: peakSWE; OF1+OF2: peak SWE + melt rate; OF1+OF2+0OF3:
peakSWE + melt ra¢ + cold contentfor 2007 (dry year) and 2008 (wet year).

OF1 OF1+0F2 OF1+0F2+0F3 OF1 OF1+0F2 OF1+0F2+0F3
~120 Dry Year 120 Wet Year
£
E +
~—100 100
c e
o
w© 80 80
E +
2 60 60
a
R 40 ; + % +
fo kR R e
< 20 20
A O AN N 10 N 40 N 0 0
. \.0&‘3%\&\ QG&\\ . \9‘\(‘}2%@ Q@‘Q . @‘%%\T\ QG‘\\ . \P{\%%’\s\\ QGY\ . \.0{\%?6&\\ QG& . \_0{\(‘3’%’@ QO\‘A
& &8 &8 & & e

Figure 2.8: Annual sublimation (mmiinder three different sets of objective functions{Qfeak
SWE; OF1+0OF2: peak SWE + melt rate; OF1+OF2+0OF3: Ak + melt rate + cold content)
for 2007 @ry year) and 2008 (wet year).



45

References

Anderson, E. A(1976, A point energy and mass balance model of a snow cover, NOAA Tech.
Rep. NWS19, 150 pp., 186.

Barnett T.P., J.C. Adam, D.P. Lettenma{@005),Potential impacts of a warming climate water
availability in snowdominated regiondNature, 438 (2005), pp. 3G9

Beven, K. J. and Cloke, H. [2012),Co mment on f#AHyper r efaonodeting:on gl o
Meeting a grand challenge for monitoring Eal
Water Resour. Res., 48, W01801, https://doi.org/10.1029/2011WR010982, 2012.

Chegwidden, O. S., Nijssen,,ERupp, D. E., Arnold, J. R., Clark, M.,RHamman, J. J., et al.
(2019). How do modeling decisions affect the spread among hydrologic climate change
projections? Exploring a large ensemble of simulations across a diversity of hydroclimates.
Earth's Futug, 7, 628 637.https://doi.org/10.1029/2018EF001047

Chen, F., et al. (2014), Modeling seasonal snowpack evolution in the complex terrain and forested

Colorado Headwaters region: A model intercomparistudy, Journal of Geophysical
ResearchAtmospheres, 119(24), 13793819.

Clark, M. P., et al. (2015a), A unified approach for prodessed hydrologic modeling: 1.
Modeling concept, Water Resources Research, 51(4); 2498,

Clark, M. P., et al. (2015bA unified approach for procesmsed hydslogic modeling: 2. Model
implementation and case studies, Water Resources Research, 51(4952315

Colorado DusOn-Snow ProgramCODOS, (2019)http://www.coda.org/#codos

ColoradoAvalanchelnformation CenterCAIC, (2018, https://www.avalanche.state.co.us/

Cooper, M. G., A. W. Nolin, and M. Safeeq (2016), Testing the recent snow drought as an analog
for climate warming sensitivity of Cascades snaels, Environmental Research Letters,
11(8).

Currier, W. R., T. Thorson, and J. D. Lundquist (2017), Independent Evaluation of Frozen
Precipitation from WRF and PRISM in the Olympic Mountains, Journal of
Hydromet®rology, 18(10), 2682703.

Dang, C., Warme, S. G., Fu, Q., Doherty, S. J., Sturm, M., and Su, J. (2017), Measurements of
|l ight absorbing particles in snow across thi
surface albedo, J. Geophys. Res. Atmo<, 19,149 10,168, doi:10.1002/2017JD027070

Deb K, Pratap A Agarwal S, Meyarivan T (2002) A fast and elitist multiobjective genetic
algorithm: NSGAII. IEEE Trans Evol Comput 6(2):18297.


https://doi.org/10.1029/2018EF001047
http://www.codos.org/#codos
https://www.avalanche.state.co.us/

46

Deser, C., Lehner, F., Rodgers, K.B. et al. (202@3ights from Earth system model initial
condition brge ensembles and future prospects. Nat.Glihang. 10, 271286.

Dibike, Y., H. I. Eum, and T. Prowse (2018), Modelling the Athabasca watershed snow response
to a changing climate, Journal of HydroleBggional Studies, 15, 13#8.

Dudley, R. W, G. A. Hodgkins,M. R. McHale, M. J. Kolian, B. Rerard, (2017, Trends in
snowmeltrelated streamflow timing in the conterminous United Statagnal of Hydrology
547208221

Essery, R., N. Rutter, J. Pomeroy, R. Baxter, M. Stahli, D. Gustafsson, APBBattlett, and K.

Elder (2009), An Evaluath of Forest Snow Process Simulations, Bulletin of the American
Meteorological Society, 90(8), 1120

Evan, A. T. (2019), A New Method to Characterize Changes in the Seasonal Cycle of Snowpack,
Journal of Appléed Meteorology and Climatology, 58(1), 1343.

Feng, D. and Beighley, E. (2020), Identifying uncertainties in hydrologic fluxes and seasonality
from hydrologic model components for climate change impact assessments, Hydrol. Earth
Syst. Sci., 24, 2252267

Freychet, N., Tett, S. F. B., Bollasina,,Mvang, K. C., & Hegerl, G. C. (2019he local aerosol
emission effect on surface shortwave radiation and temperatures. Journal of Advances in
Modeling Earth Systems, 11, 80817.

Gergel, D. R., B. Nijssen,. J. Abatzoglou, D. P. Lettenmaier, and M. &umbaugh (2017),
Effects of climate change on snowpack and fire potential in the western USA, Climatic
Change, 141(2), 28299.

Gubler, S., S. Gruber, and R. S. Purves (2012), Uncertainties of parameterfized sawnward
clearsky shortwave and a#lky longwaveradiation, Atmos. Chem. Phys., 12(11), 505098,
doi:10.5194/acfl 2-5077-2012.

Hanrahan, J., A. Maynard, S. Y. Murphy, C. Zercher, and A. Fitzpa{@6i,7), Examining the
Climatology of Shortwave &liation in the Northeastern United StatesAgpl. Meteor.
Climatol., 56, 28662881

Harder, P., J. W. Pomeroy, and W. Helgason (2017), L®cale Advection of Sensible and Latent
Heat During Snowmelt, Geophysical Research Letters, 44(19);976R

Harder, P., W. D. Helgason, and J. W. Pomerd@1 @), Modeling the Snowpack Energy Balance
during Melt under Exposed Crop Stubble, Journal of Hydrometeorology, 19(7}12141

Harpold, A. A., and P. D. Brooks (2018), Humidity determines snowpack ablatien amvarming

climate, Proceedings of the Natal Academy of Sciences of the United States of America,



47

115(6), 12151220.

Hayasaka T. (2018) Shortwave Radiation, Climate Change, and Anthropogenic Aerosols in China.
Land-Atmospheric Research Applications South and Southeast Asia. Springer Remote
Sensing/Photogrammetry. Springer, Cham.

Hofer S, A. J.Tedstone, XFettweis, JL. Bamber(2017)Decreasing cloud cover drives the recent
mass loss on the Greenland Ice Sheeience Advanceg8 Jun 2017

Jadan, R.(199), One Di mensi onal Temperatur e Mo del f C
Documentation for SNTHERM.89, 49 pp., U.S. Army Cold Regions Research and
Engineering Laboratory, Speci al Report ADA 2

Kapsch, M. L., R. G. Graversen, M. TjernstromdaR. Bintanja (206), The Effect of
Downwelling Longwave and Shortwave Radiation on Arctic Summer Sea Ice, Journal of
Climate, 29(3), 1143159.

Krinner, G., et al. (2018), ESMnowMIP: assessing snow models and quantifying sedated
climate feedbacks;eoscientific Model Development, 11(12), 562749.

Krogh, S. A., and J. W. Pomeroy (2019), Impact of Future Climate and Vegetation on the
Hydrology of an Arctic Headwater Basin at the Tun@ledga Transition, Journal of
Hydrometeorology, 20(2), 19715.

Kumar, M., Marks, D., Dozier, J., Reba, MndWinstral, A. (2013). Evaluation of distributed
hydrologic impacts of temperaturedex and energpased snow models. Advances in Water
Resources, 56, 789.

Li, D. Y., M. L. Wrzesien,M. Durand,J. Adam,D. P. Lettenmaier(2017). How much runoff
originates as snow in the western United States, and how will that change in the future?
Geophysical Research Lettedd (12), 61636172

Liu, C. H., etal. (2017), Continentatale convectiopermitting modeling ofhe current and future
climate of North America, Climate Dynamics, 4, 71-95.

Louis, J. F.(1979, A parametric model of vertical fluxes in the atmosphere. Bourdayer
Meteorol., 17, 18i7202.

Menard, C. B., REssery G. Krinner, et al. (2020) Scientific and human errors in a snow model
intercomparison. Bull. Amer. Meteor. Soc., doi: https://doi.org/10.1175/BAMI®-0329.1.

Monin, A. S., and A. M. Obukhov (1954), Basic laws of turbulent mixing in the surface layer of
the atmosphere, Contrib. Gegghlnst. Acad. Sci.USSR, 151, 1887.

Mote, P. W., S. H. Li, D. P. Lettenmaier, M. Xiao, and R. Engel (2018), Dramatic declines in

snowpack in the western US, Npj Climate and Atmospheric Science, 1.



48

Musselman, K. N., F. Lehner, K. Ikeda, M. P. Clark,FAPrein, C. H. Liu, M. Barlage, and R.
Rasmussen (2018), Projected increases and shifts womanow flood risk over western
North America, Nature Climate Change, 8(9), 808

Musselman, K. N., M. P. Clark, C. H. Liu, K. Ikeda, and R. Rasmussen (ZlbWer snowmelt
in a warmer world, Nature Climate Change, 7(3),-214

NuijtenaA. D. W. andK. V. Hgyland (2017),Modelling the thermal conductivity of a melting
show layer on a heatgrhvementCold Regions Science and Technolpf®0, August 2017,
Pages 2029.

Pahaut, E(1976), La métamorphose des cristaux de neige (Snow crystal metamorphosis), 96,
Monographies de la Météorologie Nationale, Météo France, 1976.

Raleigh, M. S., Lundquist, J. D., and Clark, M.(P015, Exploring theimpact of forcingreor
characteristics on physlly based snowsimulations within a global sensitivity analysis
framework, Hydrol. Earth Syst. Sci., 19, 3153179, doi:10.5194/heskd-31532015.

Rasmussen, R, et al. (2011), HigiResolution Coupled Climate Runoff Simtitans of Seasonal
Snowfall over Colorado: A Process Study of Current and Warmer Climate, Journal of Climate,
24(12), 30153048.

Rasmussen RV, et al (2014) Climate change impacts on the water balance of the Colorado
Headwaters: higihesolution regionallonate model simulations. Jydrometeorol 15:1091
1116

Razavi, S., R. Sheikholeslami, H. V. Gupta, and A. Haghnegahdar (2019), -VARE: A
toolbox for comprehensive, efficient, and robust sensitivity and uncertainty analysis,
Environmental Modelling & Sibware, 112, 951.07.

Reed P, Hadka D, Herman J Kasprzyk J Kollat J (2013) Evolutionary multiobjective
optimization in water resources: the past, present, and future. Adv Water Resour 4836438

Schaap, M.G., Leij, F.J., van Genuchten, M.T., 2000SRTTA: A computer program fo
estimating soil hydraulic parameters with hierarchical pedo transfer functions. J. Hydrol. 251,
163 176.

SchlinkU., and D.Hertel (2018),Inverse modelling of snow depthisnvironmental Modelling &
Software 110, 6271

Schwarz, M., Folini, D., Yang, S(2020) Changes in atmospheric shortwave absorption as
important driver of dimming and brightening. Nat. Geosci. 13j 118.

Schlégl, S., Lehning, M., Fierz, C., & Mott, R. (201&epresentation of horizontal transport

processes in snowmelt modeling agplying a footprint approach. Frontiers in Earth Science,



49

6, 120.https://doi.org/10.3389/feart.2018.00120
Skiles, S.andPainter, T. (2017). Daily evolution in duahd black carbon content, snow grain

size, and snow albedo during snowmelt, Rocky Mountains, Colorado. Journal of Glaciology,
63(237), 118132. d0i:10.1017/j0g.2016.125

Smirnova, Tatiana & Brown, John & BenjamirStanley & Kim, Dongsoo. (2000).
Parameteriation of coldseason processes in the MAPS landface scheme. Journal of
Geophysical Research. 105. 46%086. 10.1029/1999JD901047.

U.S. Geological Survey Gap Analysis Program (2011). 20160513, GAP/LANDFIRBM4I
Terrestrial Ecosystems 2011: U.S. (dgfcal Survey, https://doi.org/10.5066/F7ZS2TMO.

Wang, L. B., J. N. S. Cole, P. Bartlett, D. Verseghy, C. Derksen, R. Brown, and K. von Salzen
(2016), Investigating the spread in surface albedo for stmweredorests in CMIP5 models,
Journal of Geophysal Researcti\tmospheres, 121(3), 11a4119.

Wilby, R. L., & Harris, I. (2006). A framework for assessing uncertainties in climate change
i mpact s: Low flow scenarios for tehreh, 4Ri v er
W02419.

Wild, M., A. Ohmura, and UCubasch(1997, GCM-Simulated Surface Energy Fluxes in Climate
Change Experiments. J. Climate, 10, 3081310

WMO, 1998,Guide to Meteorological Instrumerasd Methods of ObservatioWMO-No. 8

Wrzesien, M. L., M. T. Durand, T. M. Pavelsky, S. B. Kiag, Y. Zhang, J. Y. Guo, and C. K.
Shum (2018), A New Estimate of North American Mountain Snow Accumulation From
Regional Climate Model Simulations, Geophysical Research Letters, 45(3)14323

Wu, X. J., T. Che, X. Li, N. L. Wang, and X. F. Yang (8D1Slower Snowmelt in Spring Along
With Climate Warming Across the Northern Hemisphere, Geophysical Research Letters,
45(22), 1233112339.

Tyen, Y. -G 1965. effective thermal conductivity and wataper diffusivity of naturally
compacted snow. Journal @eophysical Research, 70 (8), 182825.

You, Y. H., C. L. Huang, Z. L. Yang, Y. Zhang, Y. L. Bai, and J. Gu (2020), AssessingMi®ah
Parameterization Sensitivity and Uncertainty Interval AcrosswSglimates, Journal of
Geophysical Researgitmospheres125(4).

Zreda, M., Shuttleworth, W. J., Zeng, X., Zweck, C., Desilets, D., Franz, T., and Rosolem, R.
(2012, COSMOS: the COsmitay Soil Moisture Observing System, Hydrol. Earth Syst. Sci.,
16, 4079i 4099, https://doi.org/10.5194/he$6-40792012.

T


https://doi.org/10.3389/feart.2018.00120

50

Chapter 3
Unraveling the Controls on Snow Disappearance in Montane Forests

Using Multi-Site Lidar Observations

Abstract

Snow disappearance da{&DD) affects the ecohydrologicdlynamicsof montane forests, by
alteringwater availability, forest fire regimand the land surface energy bud@éte forest canopy
modulates SDD through competing processes; denser canopy intercepts snowfall and enhances
longwave radiation(LWR) while shading sowpack from shortwave radiation (SWR) and
sheltering it from windLimited grounebased observations of snow presence and absence have
restricted our ability to ulavelthe dominanprocesses affecting SODB montane forest®We apply

a lidarderived metbd to estimaterfctional snow coveairea {SCA) at tworelativelywarmsites

in the Sierra Nevada and two cetaites in the Rocky Mountasn in the Western United States
Warm sites and lower elevations are characterized by highl& andcanopy snovinterception
leading to lessnow retentiorunder denser canopin contrat, snow retention ircolder forests

can be greater in open or under canopy locations depeadiingeractions betweevegetation
structure and topography. In these colder climatesydgs retained longer under canopyrarth

facing slopesspecificallywith low vegetation density areas. In contrast, snow is retained longer in
open area than under canopyi@ater elevationsand on south facing slopes. We use this spatial
pattern to dvelop a new conceptual model to predict SDD that incorporates thad tofgraphy

and vegetation structure into existing climhtesed frameworks that rely on winter air temperature
This new conceptual model can help to improve hydrological modelchg@vide targeted forest

management recommendations in diverse morftaests
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3.1Introduction

Snow and ice melt providdaut 20% of global water supply (Barnett et al., 2005), of which 40%
falls in northern hemisphere forests (Stueve et al., 2&Hbwmelt timing and disappearance date
have substantial impaxbn montae forests, by affecting soil moisture and deeper recharge (Bales
et al., 2011; Conner et al., 2015; Flerchinger et al., 1992; Harpold et all; 20dr&tington and
Niswonger,2012 Pavlovskiiet al, 2019), ecosystem water availability and streamflow timing
(Harpol d, 2016, Kormos et al ., 2017, Stewart e
2018; Har pol d, 2016) , s pr i nRederpehgeet all, 2048y, sol O6 L e a
greemouse gas emission (Blankinship et al., 2018), land surfaceatmosphere energy ftes
(Knowles et al., 2014; Peichl et al., 2013; Slater et al., 2@01gter snow disappearance delays
soil water inpus, resulting ina longer recession irsoil moisture(Harpold and Molotch, 2015)
delays peak forest transpiration (Cooper et al., 2@21@) Jimits the duration of soil moisture stress
for vegetationgHarpold, 2016)Since climate change portends shorter snow duratiomintane
forests (Bach et al., 201&ooper et al., 2016; Dibike et al., 2018; Li et al., 200 arpold and
Molotch, 2019, improving predictions of snow retentigcritical. However, processes and factors
controlling the fate obeasonasnowpack areamplex and strongly influenced byclal climate,
forest structure, and topography (Broxton et al., 2015; Dickdraoge et al., 2017; Lundquist et
al., 2013; Tennant et al., 2017, Varhola et al., 20A0ack of detailed high spatial resolution
snow obsrvations across climate and topqdr@ gradients in mountain forests Hamsited our
ability to unravelthe interacting processes that affect snow disappearbie@e remote sensing
tools, like lidar (Light Detection and Rangingallow for estimates ofr®w retention across
variable topogaphy and forest characteristics that are hard to obtain from limited ghased

observations.

The influence of forest canopy @mow retention and melk complexdue totradeoft between
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biophysical processes thatlteee snow accumulation (e.g. snovenceptionrand sublimation from

the canopyandprocesses that alter snpackablation (e.g. shortwave radiati¢8WR) shading

and wind sheltering Dense forestcan intercepmore tharb0% of snowfall in the winter (ks et

al., 2011; Moeser et al., 2@ Roth and Nolin, 2017)Snow interception and subsequent lbys
sublimationare the main factors causing longer snow duration in the open than under canopy
locations in denser, warmer foregVarhola et al., 2010) wdre interception efficiency is high
(Dickerson Lange et a Colder snawdall as low@rt snokv interception a | .
efficiency (Pfister and Schneebgeli999 Roth and Nolin, 2017)In windier locations snow
redistributes more, increasing sublimation losses, resulting in snore retention under canopy
(Dickerson Lange et al ., 2017). Using a simple
a radiative paradox betwetmgwave radiation (LWRandSWR:warmer sitehiave LWRasthe
primary radiative componenif the erergy budgetcontrolling snow disappearance timing but
snowpack energy budget in cold forests is dominated by .S¥igR emissivity of warnforest
enhances LWRoward the snowpadhy up t0150% (Todt et al., 2018; Webster et al., 2 Ferrot

et al., 2014 nndtypically causegositivenet LWR underdensecanopy coverwhile net LWR is
negativein open locationgLundquist et al., 2013)rhis LWR enhancement caffext the energy
budget of the snowpack within a radius of dradf nearby tree heigh(®lusselnan et al., 2017)

and leadsnow todisappeaione to twoweeks earlier unddree canopes compared tadjacent

open areas (Lundquist et al., 2018WR shadingon the other handian delay snowmelt under
forestcanofpes especially in cold climageand neth facing slopegStrasser et al., 2011; Lundquist

et al., 2013Malle et al., 2019Musselman et al., 201Musselmaret al, 2012 in late winter and
spring, wherthe solar zenith angldecreases (i.e. the sun is higher in the sky). In addititimeto
influence oftrees orthesnowpacknet radiatiorbudget sensibleand latentheatexchangdetween
treesand atmosphere around theowmckare not negligible and can substantially contribute to

the snowpack energy budgsiecificallyat cold windy sitegConway et al.2018 Harder et al.,
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2019 Mahat et al.2013 Reba et a).2012. The tradeoffs of these processes on the differential
snow disappearance timing in open and under canopy areas are typically investigated at the point
scale and the effects fafrest canopy have been ignored at large scale due to limitations in ground

based observationsndquist et al., 203D i c k e r s etral., 20d)yn g e

The interactions between forest structure (e.g. height, leaf area index (LAIl), percent cover, and
spatid arrangement of tree canopy) aogography (e.g. elevation, aspect, and sldg&rentially

alters the energy and mass balancepefand under canopy snowpack in ways that are challenging
to observe and predict across mountain climates. A curreatligar for predicting differential

snow disappearance under canopy and in open areas suggests that locations with Becember
February (DJFmean air temperature abonEC have earlier snow disappearance under canopy
areas (Lundquist et al., 2013), whereassswith DJF mean air temperatures below thagshold

exhibit earlier snow disappearantgeopenareas This paradigmwas developed from pletcale
observations and has not been applied across gradients in canopy structureaspgopthat are
typicd features of montane, forested areas. For examalemer northersfhemisphere areas have
longer snow retention on nbdrn slopes (LopedMoreno et al., 2014; Maxwell et al., 2019;
Seyednasrollah et al., 2013) due to partitioning of incorSWR Heterogerous forest canopy
structure (e.g. height and leaf area) and differences indat@py gaps are important factors
controlling fine-scale snow retentionddnas and Essery, 2011; Webster et al., 2016t first

order effects of topography and forest stame on snow retentiorzZlieng et al.2016 Truijillo et

al., 2009, support the development of a prediction tool (nsaghisticated than an air temperature
based index) for predictingdifferential now disappearance in open and under canopy across

montandorests.

Active remote sensing tools, lik@laorne-based Light Detection and Rangifligar), can penetrate

the forest canopy to provide novel information emow disappearance timingnimontane forests
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Gr o u n d olsaavatierdsuch asnow courses,emperature loggers, anone-lapsecameras
(DickersonLange et al., 2015b; Raleigh et al., 2048 also used to estate snow disappearance

date (SDD, defined as the first date wkaow disappeaiafter pealsnow water equivalenWE).

Di c k er s eenal. (281%®;,¢2617) collected spatially distributed snow datad show that
cameras can detect snow presence or abseitla higher spatial resolution than ultrasonic snow
depth sensors, however their installation over large extents is challenging.g@itedbased
methods that are capable of measuring snow disappearance over large extents, like distributed
temperaturesensing (DTS) (Tyler et al., 2009), are typically too castlynaint@in, automag, and

operae over large domain®ickersonLange et al 2015b; Fujihara et al., 201Nlost passive

remote sensinpased estimates ofaictional snow cover ardSCA, per@ntage of a given area
covered by snojvassume that open and under canopy fSCA are identical (Molotch and Margulis,
2008; Raleigh et al2013).Thus, the major limitations of passive remote sensing techniques (i.e.
optical sensors like MODIS, Sentinel, cahandsat) is theiinability to detect under canopy
snowpack presence/absenahie to occlusion by the canopRaleigh et al., 201,3Coors et al.,

2014. A new method proposeahd validatedby Kostadinov etal(2019) based on fAsnow
i s n o wliday dafasets showed that under canopy fSCA could be predicted in complex terrain
The lidarbased fSCA estimates using the KostadinoV.€2819) method can potentially elucidate
differential snow retention in open versus under canopy locations dursnggaps hot & | i dar
surveys, because as fS@Acreases snow must be disappedrinm the landscape.idar can also

map topographyand vegetation structuretherefore this method is ideal for understanding the
interactions of forest structure and tgpaphy in controlling snow retention in montane forests
(Deems et al., 2013; Harpold et al., 281%8ostadinov et al., 20191azzotti et al.2019 Revuelto

et al., 2015Tennant et al., 2037

In this paper we aim to unravel hominter climate interact with topography and vegetation

structure to alter snow disappearance in open versus under ¢acaigns We leverage existing
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snowon andsnowoff lidar observations at twelativelywarm sites in the Sierra Nevada (Sagehen
Creek Watershed and Kingsver Experimental Watersheds, California) and two colder sites in
the Rocky Mountais (Boulder Creek Colorado and Jemez River Basin, New Mexto map
fSCA over large spatial extentsing thetechniqueproposed byostadinov et al. (2019)This

analysisallows us to answehree questions:

6) How do open and under canopy fSCA and snow disappearance date (SDD) vary based on

slope/aspect and efation at sites with different climate?

7) Does vegetation structure have greater impact on under canopy fSCA anith SBbe

climates and/or topographic conditions thanothers?

8) What are thanferredenergy and mass balance drivers causing differendd&CiA and

SDD across open versus under cana@asn warmer and colder climates?

Our results provide insights mthe role that topography and forest structure play in modulating

snow retention across a climatic gradient of montane forests.

3.2 Study Stes and Data

We chose four siteswo in the USA Rocky Mountain8ulder Creek, Colorad@O)and Jemez

River Basn, New Mexico (NM)) and two in the USA Sierra Nevadgaflehen Creek Watershed
andKings River Experimental WatersheitsCalifornia CA)) (Figure 31). These sitesepresent
strongclimate and vegetation gradisphavesnowon and snovoff lidar datasets andetailed

point observations of snow depths for multiple years, including years that overlap with the lidar
flights acquisition.Site chaacteristics are shown ifable 31 (Harpold et al., 2015b; Tennant et

al., 2017 O'Geen et al., 2018; Kostadinov et al., 204®)lidar flights characteristics are shown

in Table 32. The flights were conducted at ahove ground levedltitude of 600 mabove the

ground and they used a pulsed laser with a wavelength of 1047 nicaVantd horizontgbosition
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accuracies are-30 cm (1 sigma) and 1/5, 500 x altitude (1 sigma) respectively. Vertical datum for

all lidar flights are NAVD88 (GEOID 12A).

3.2.1Boulder Creek, CO (Boulder)

Boulder Creek, hereafter referred Bsulder, isl oc at e d 3 5thekcity oflBewder, o f
Colorado,USA, andis part ofthe U.S. National Science Foundatioetwork of Critical Zone
Observatories (CZOsBoulder is the coldest of the four study sites withamarage annuair
temperaturef 10°C (Harpold et al, 2015. The mean annual ratio afcomingSWRto incoming

net radiatioris 0.43(Table 31, Tennant et al., 2017Theaverage wind speed in winter is 6.5 m/s
andthe mearannualsnowfallis about1040 mm (Harpold et al., 2085 Thesiteis equipped with
three pairs of lirasonic snow depth sensors in the open and under camegyandsnow depth
datawere recordeffom 2007 to 2011(Table 31). In-situsnow depth dat#s used to track the snow
disappearance dat8DD, first datevhen snow diappears after peak SWi)the open and under
canopyfor five continuous yeard\ Snow Telemetry (SNOTEL) site is located within 1 km of the
snow depth sensorfrevious study using lidar data this sitesnow depthshowsa positive
relatiorship of snow apthwith elevation withar at e of 0. 73 nNincfas® in ¢ m
elevation(Tennant et al., 2017)The dominant vegetation is subalpine fikb{es lasiocarpp
Engelman spruceP{cea engelmanrjiiand lodgepole pineP{nus contorth Thes n o wlidarf f
survey forBoulderwas caducted in a 600 khareawithin the Boulder CreeWatershed in August
2010 Thesnowon lidar surveys were acquired in May 5, 9, 20, an®@10, and were combined
together fothe same aremsthes n ow o f f (Tdbld 32). The lidampwodugts a@ available

at Open Topographyhitp://opentopo.sdsc.edu/datayetsthe NAD83horizontaldatum andare

composed ofi-m Digital Terrain Models, and AS-formatted point cloud tilesvith an average

return pint density ofl0 points/m.
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Figure 3.1: Location, lidatbased terrain elevation, hillshade (O represents the darkest areas, and
255 shows the brightest) and the extent of processed lidar déa fatur study sites: Sagehen
Creek Watershed, CA, Kindgiver Experimental Watersheds, CA, Boulder Creek, CO and Jemez
River Basin, NM.

3.2.2 Jemez River Basin, NM (Jemez)

The Jemez River Basin, hereatfteferred ademezjs a CZO site at the southeznd ofthe Rocky
Mountains in northern New Mexico, USAhe average wintegir temperature and wind speack
T 3. 3AC a nrebpe@ivel. The/ragio dhcoming SWRto incoming net radiatiois 0.44,
which is the highest among our sites (Tennant.ef@l 7). Theneanannualsnowfallin the basin
is aroundl310mm. In-situ data measurement to tré8RD includesthree pairediltrasonic snow

depth sensors under canopy and in the ¢geations The snow depth observations were recorded
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from 2005 to2011 exc | udi ng 2007 ) a tMASLn(Metels abowe sda teveht o f
Jemez (Tennant et al., 2017)rEst covers 33% of the basin with various B/pé conifers,
including Douglas fir Pseudotsuga menzigsiwhite fir (Abies concoloy, blue sprae (Picea
pungen} limber pine Pinus flexili§ and ponderosa pinéRifius ponderosa(Harpold et al.,
2015b).High-resolution snowoff lidar surveyswere carried out in June and July 2010 by the
National Center for Airborne Laser Mapping (NCALM), coveramgarea of 722 krhin northern
New Mexico.Lidar productshave an average point densityQaf points/nt. Thepoint cloud data
are provided in LAS format in the NAD83 datum at open Topography
(http://opentopo.sdsc.edu/datayetsm Digital Surface Mode{DSM) and 2m hill shade dataset
derived fromthe Digital Elevation Model[EM) are also providedThe Jemeznow-on lidar

datasetvascollected in March and April 201 able 32).

3.2.3 Kings River Experimental Watershed, CA (Kings)

Kings RiverExperimental Watershedgereafter referred asings, is a part of larg&ings River
Basinand mostly locatedwithin the Providence Creek in the west slope of the southern Sierra
Nevada in California, USAKings hasan averageannual snowfall of about1750 mm. We use
ultrasonic snow depth sensorskihgs between2010and2012to determine snowpresence or
absence in opemd under canoplpcations Average winter wind spedd 1.6 m/s andhe average
ratio ofincoming SWRto incoming net radiatiois 0.36 (Tennant et al., 2017). Average annual
and winter (DJF) aitemperaturs are 8°C and 2.2°C, respectively(O'Geen et a).2018) This
domain is mostly covered bgnixed-coniferous forest{(60%), consisting of white fir Abies
concolol), ponderosa pinéPinus ponderosa Jeffrey pine Rinus jeffreyi) California black oak
(Quercus kellogg)i sugar pine Rinus lambertiandouglas), and incense ceddCalocedrus
decurren} (O'Geen et al., 2018Kings lidar flights were part ofa largerSouthern Sierra CZO

effort acquired in 2010, comprisirtgvo flights, a sxow-on flight in March anda snowoff onein

306
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August. The lidar productprojection is UTM Zonell Nvith datum NAD83(Table 32). This
datasetincludesa 1-m digital surface modglDSM) anda LAS-formatted point cloud with an

average point density of 11.6 point/m 1 kn? tiles.

3.2.4 Sagehen Creek Watershed, CA (Sagehen)

Sagelen Creek Watershedhereafter referred @&8agehenhas a drainagarea of 28&m? andis
located in the northern SierNevada California. The elevation rangsbetween 180@nd 2700
MASL andthe mearannualsnowfallis 850 mm (WRCC, 2020) Sageheris a foested montane
watershed covered by mixed conifers includivilgite Fir (Abies concoloy, RedFir (A. magnificg,
Lodgepde Pine (Pinus contortp JeffreyPine (P. jeffrey), SugarPine (P. lambertiang Western
White Pine (P. monticold, andPonderos&ine (P. ponderogaGodsey and Kirchner, 2014; Li and
Nieber, 2017). The snowff surveys were conducted by NCALWSFS, 2015)n the summer of
2014 as part of the USFS Tahoe National Forest lidar colle¢iiable 32). Snow-on datasets
were acquireth March 26, April 17, and May 18, 2016, blyeNASA Airborne Snow Observatory
(ASO) (Painter et al., 2016%ince tkere are no pairedltrasonic snow depth sensamnsopen and
under canopy, amisitu distributed temperature sensor (D1&3)sedas grounebasebservation
datato assess thgairedpresence or absence of snow under canopy and in the open. DTS record
near-continuous temperatures along a fiber optic cable by appéyRgman spectrum scattering
and timedomain reflectometry techniquebyer et al 2009. The DTS instrumeationin Sagehen
recordedgroundt e mper at ur e ever y 1@Babhd MaylB, 2006d weereyn Ma2 5 hm
alonga 1500m stretchof fiber opticcable.At each0.25m point alongthe DTS cable, we assume
snow is on the ground if the dailir temperature iPetween-1 and1°C and the dailystandard
deviation of observed temperatures is Bt h a n(sedKo&aslinok & al., 2019jhe cable

was georeferenced the UTM WGS84coordinate systerand converted to NAD83 to match the

lidar datset(Kostadinov et al. 2019)
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Characteristics

Kings River
Experimental
Watershed, CA

Sagehen Cree
Watershed, CA

Jemez River Basin, NM

Boulder
CO

Creek|

Latitude (at the center of lidg
dataset domain)

37 A5 NjN

39A25N;53

35A53018njN

40A0653n,

Longitude (at te center of
lidar dataset domain)

119A2806W

120A14Nj2

106A31655njW

105A16061

Mean elevation (MASL in

. . 1846 2200 2702 3109
lidar dataset domain)
Slope (degrees) ~ 22 15.8 7.0 N 3.7 7.3 N 3
Aspect  (from ~ North _ 5, ~159 164058 1 94 N 61
increasing clockwise?)
Numbers of paired snoy
depth sensors in the open g 5 NA 3 3
under canopy
@b)Average winter air 59 1 i3 3 N 0.3 |l15.4 N 2
temperature (°C) ' ' ' '
® Mean annual Precipitatio
(mm) 2000 1215 1980 1300
®Average daily winter
incoming SVR (W/ir?) 209.1 127.97 150.6 149.6
®Average daily wintel
incoming LWR (W) 251.3 254.4 201.6 199.9
bVegetation type Mixed conifer Mixed conifer Mixed conifer Mixed conifer
®Average forest height (m)| 13.3 15 7.7 N 4.4 7.2 N 2.
®Average vegtation density,
(in areas with slope < 3D 0.59 03 0.4 0.47

TMar = - 0001 X

elevation+ 2.79
© Air temperature (€) lapse| - 0.003 xelevation| Tay = - 0.001 x - 0.007  x

rate equation

+7.29

elevation+ 2.05
TMay = - 0002 X
elevation+ 5.25

- 0.005 xelevation+ 8.67

elevation + 17.82

© Precipitation (cm) lapsi
rate equatioh

0.06 xelevation-
13.978

0.08 xelevation-
130.65

0.006 xelevation + 15.52

0.03 x elevation
-68.98

Source of climate data usec

https://www.fs.fed
.us/pswi/topics/wat
er/kingsriver/data.
shtml
https://www.wcc.n
rcs.usda.gov/snow
/snotetdata.html

https://www.nrcs.
usda.gov/wps/port
al/wcc/home/snow,
ClimateMonitorin

al

https://criticalzone.org/ca
alina
jemezinfrastructure/field
-area/jemeziver-basin/
https://www.wcc.nrcs.us(
a.gov/snow/snotel
data.html

https!/www.nrcs.
usda.gov/wps/pol
tal/wcc/home/sno
wClimateMonitor
ing/
https://wcc.sc.eq(
v.usda.gov/nwcc/
site?sitenum=667

a Averaged over December, Januangl February.
b Calculated over the ér¢ domain.
¢ Details given in section 3.


https://www.fs.fed.us/psw/topics/water/kingsriver/data.shtml
https://www.fs.fed.us/psw/topics/water/kingsriver/data.shtml
https://www.fs.fed.us/psw/topics/water/kingsriver/data.shtml
https://www.fs.fed.us/psw/topics/water/kingsriver/data.shtml
https://www.wcc.nrcs.usda.gov/snow/snotel-data.html
https://www.wcc.nrcs.usda.gov/snow/snotel-data.html
https://www.wcc.nrcs.usda.gov/snow/snotel-data.html
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://criticalzone.org/catalina-jemez/infrastructure/field-area/jemez-river-basin/
https://criticalzone.org/catalina-jemez/infrastructure/field-area/jemez-river-basin/
https://criticalzone.org/catalina-jemez/infrastructure/field-area/jemez-river-basin/
https://criticalzone.org/catalina-jemez/infrastructure/field-area/jemez-river-basin/
https://www.wcc.nrcs.usda.gov/snow/snotel-data.html
https://www.wcc.nrcs.usda.gov/snow/snotel-data.html
https://www.wcc.nrcs.usda.gov/snow/snotel-data.html
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://wcc.sc.egov.usda.gov/nwcc/site?sitenum=663
https://wcc.sc.egov.usda.gov/nwcc/site?sitenum=663
https://wcc.sc.egov.usda.gov/nwcc/site?sitenum=663

Table 32: Lidar dataset properties for the study sites
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Properties E;(npges}imental River Sagehen Cree| Jemez River Basir| Boulder Creek,
Watershed, CA Watershed, CA NM CcoO
National Center fo
National Center for National Center fo A|rbor_ne Laser_ Boulder Creek
Airborne Laser Airborne Laser M.applng, . Jemes CZC.) and the
. . River Basin ang National Centet
Mapping, funded by Mapping, - Fundeg Santa Cataling for Airborne
Organization that| National Science by USDA Forest : o .
X . . ; Mountains Critical| Laser  Mappig
acquired the ftyht Foundation Service and LS.
, : Zone Observatoryl (NCALM),
And Southern Sierr{ Geological Survey . .
" University of | funded by the
Critical Zone| ASO/NASA  for e : ,
Observatory Snow on California, Mer_ced Natlonal_ Science
Funded by Nationg Foundation (NSF
Science Foundation
Optech GEMINI
O_ptech GEMIN.I O_ptech GEMINI Airborne Lasern Optech GEMINI
Airborne Laser Terrair Airborne Laser . .
. - Terrain Mappeln Airborne  Laser
Mapper mounted i Terrain Mapper L .
. . . mounted in either § Terrain  Mapper
Sensor either a twinrengine| (ALTM) mounted| , - :
. : .~ | twin-engine Cessn| (ALTM) mounted
Cessna Skymast¢ in a twinengine ) . .
: g . Skymaster (N337P| in a Piper Twin
(N337P) or Piper Twin Piper Navajo PA . . L
e or Piper Twin PA31 | PA-31 Chieftan
PA-31 Chieftain 31 e
Chieftain
Average point
density  snowoff | 11.65 8.91 9.68 11.33
(points/n¥)
Average point
density  snow-on | 9.21 ~3 9.08 7.29P
(points/n?)
Swath overlap 50% >50% 50% 50%
Horizontal datum UTM Zone 1IN|UTM Zone 10N|UTM Zone 13N|UTM Zone 13N
NAD83 NAD83 (2011) NADS83 NADS83

Time of Acquisition
Snowoff

August 2010

August 2014

June and July 2010

August 2010,

Time of Acquisition
snowon

March, 2010

March, April, and

May 2016

March and April
2010

May 5, 9, 20, ang
21, 2010

aInformation provided here is the safoe all Sagehen flights
b Average point density of snean lidar dataset in May 5, 9, 20, and 21, 2010

3.3 Materials and Methods

3.3.1 Vegetation and Snow Presence/Absence Classification

We used egetation and snow presence classificatjpresented byostadinov et al. (2019%p

estimate under canopy and open fSGAlasites Point cloud lidar datds aggregated ta raster
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resolution of 3m grid cells to classifywegetatiorstructure and snow presence/abseiioeenhance

the accuracy of thevegetatim and snow presencelassification, slopes greater than’ afe
excluded from the analysiss the uncertainty in elevation estimates increases significantly
(Kostadinov et al. 209). At each site, @mall sectionof a roadthat is maintained snoivee, is
selectedo compare snowen and snowoff flights and eliminate potential vertical bias between the
snowonlidar return elevations arttie snowoff DTM. Even though, this is thgpical method for

vertical lidar bias correctiorFerraz et al., 20281opkinson et al., 2012 vertical biasesare not
necessarily uniform across the study domain as they are often assumed (i.e. Harpold et al., 2014).
The comparisons show theiowon elevation returns in each grid cell over roads are 0.28 m, 0.08

m, and 0.03 nhigher than snovoff returnsfor Kings, JemezandBoulder,respectively. Kostadinov

et al. (2019) made the same analysis for three flights $ageherand concluded thremean

vert i c al bi ases of 0.23 m, 0.26 m, B8Bnp2ad16A5038 m f
lidar flights, respectively. These biases are subtracted from all ®moveturn elevationgsee

Kostadinov et al. (2019pr details)

Vegetation presende classied using the snovoff lidar. A 1-m grid cellis definedastree-covered

if there is anylidar return above 2 m ithe grid cell.If the treecovered grids have any return

bet ween 0.15 and 2 m,tregcdveres] aith ¢pw brahsheShe latergeid as s i f i
cells areeemoved from thanalysigabout 41% on averagem all domainspecause low branches

canbe confused with the snow surfagigring the snowon flights (Kostadinov et al. 2019¥rid

cellswith all returnsabove-0.30 (i.e.below the mean-in grid cell elevation) and belo@15 m
areclassifiedas@perddue to uncertainty in the bare earth analy$iatree-coveredgrid cell (low

brancles grid cells excluded) has snow returns wite | evati on bebwsuseng 0. 15
the snowon flight, it is classifiedas snowcovered gnow preseke). If the returd glevationis
between0.30 m and 0.15 m, thgrid cellis classifiedas snowfree. The same approach is used to

classifyopen gridcellsassnowcoveredMore details orthe classification approacre presented
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by Kostadinov et al. (2019)Ynder canopy fSCA is calculated by dividing the numbesegietated
grid cells classified asnowcoveredby the total number of treeoveredgrid cells within the
domain. Wherea$SCA in the openis calculatedby dividing the number cb opend -(i . e.
vegetated) grid cells classified asowcoveredby the total number obpengrid cells in the
domain fSCA in open and under canopy grid cells thwen computed over different sdlomans

with different elevation and vegetation characteristics (see section 3.2).

Vegetation densitis calculatedby dividing the number of lidareturnsthat hit the canopyi.€.
height>2 m) by the number of totatetunsin each im grid cell (Broxton et al., 2015)t the
vegetation densitys below0.4 the pixelis classified as low vegetationdensity (lowVD) and
greater than 0.6 classified asigh density(highVD). In this simple approach wexclude grid
cells with moderatevegetation density from 0.40.6 to determine the effects of low and high

vegetation density on SDD.

3.3.2 Topographic Classification

To investigate the impact of aspect and slopean and under canopy fSCA and SRMorthness

index(Amatull et al.,2018)is calculatedrom the DTMfor each siteat 1-m grid-cell scale so that:
Northness = cos(aspeetsin(slope) (3-1)

whereslope and aspeatein radiars, andaspect is measured clockwise from true naxibrthness

is +1 on northfacing terrain withsteepslopesof 90, andi 1 o n faang terraim with slopeof

90'. Northnesss 0 for flat terrain Grid cells are classified s 7 e x p o thress &0.1,if f | Neotr o
if-0.1 < Northness df Northiess > @.4ld thefiextrateopidaleNorthdrid
Hemisphere, terraimith Northness <0.1 is generallyexposed to more solar radiation during

afternoon hedbr locations with thesame latude.

Each domain is binned into ten elevation bands to study the effect of elevation on open and under
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canopy fSCA. These bands cover range2&%03050 MASL, 28063130 MASL, 21002400

MASL and 16001850MASL for Boulder, Jemez SageherandKings, respetively (Figure 31).
Relationships between elevation and air temperature and precipitation (i.e. lapse rates) for each site
are developed using observed mean daitytenperatureand precipitatiorfrom local weather
stations Table 31) betweerDecember % andthedate oftheflights. We did not consider cold air
drainage or temperature inversion in our analysisstimate the air temperature lapse rate. These
site-spedfic lapse rates are used to estimate average DecelahaaryFebruary air temperateir

(Tose) for the elevation bands (hereafter referred@sbands) at each site.

3.3.3 Derivation of Snow Retention Metrics

To statistically examine the difference betmunder canopy and open fSCArandom sample of
grid cells (sample size =100 gridlks) within each site anflosr bands are collected to determine
statistical differences. We repeat this randomsarnpling for 100 times to reduce random error.
The under canopy and open fSG# calculated for the 100 stdamples, and they are averaged.
Then, aWilcoxon signeeranktest (at a5% significance levélis conductedo examine whether
under canopy and openG8 are statistically different using the 88mples per subdivision
(northness andipsr band).Wilcoxon signeerank est is anonparameic testanddoes not assume
normality in the dataThe pvalues from the 108amples are averaged to estimate if the under

canopy and open fSCA are statistically different.

3.34. Random Forest Modeling to Analyze Vegetation and Climate Impacts disCA

A machine learningpproach baseah a regression type cindom forest model (RFM$ used to
examine theémportance of radiative and mafgxesin controlling the difference between open
and under canopi5CA. The RFM utilizesan ensemble of regressitnees to build a predictive
modelbased on a series of predictarsl a response variable (hd&CAopenl TSCAundecanopy. The

RFM is also used taankp r e d i importance ARFM is developedor each lidar flight(three
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for Sagehen and one for eacimeening domain) to predict thdifference betweefSCAqpenand
fSCAundecanopy (FSCAopenT fSCAundercanop)y @and how it changes with increasing vegetation density
at 100-m resolution Includedpredictor variables are vegetation densityean winterincoming
SWR and LWR, precipitation andair temperatureWe investigate the influences these five
variablesin predicting the difference betwedBCAspen and fSCAundecanopy We did not include
topographic variables, such as elevation and aspect/slope, b#wuaesalready captured in air
temperature and SWiitedictorvariables. e averagair temperature and precipitation of each 1
m grid cellare calculated usingpse rate equatiotis Table 31. Averagedwinter air temperature
and precipitatiomre compted ata scale oLl00-m grid cells for the RFMs. Hourlyncoming SWR
and LWRat the top of the canopy are calculated using thepmreessing toolbox of th8now
Physics and Lidar Mappingnodel SnowPALM; Broxton et al., 2015at 1-m spatial resolution
SnowPALM downscales hourly incoming SWR from ph&sef the North American Land Data
Assimilation System (NLDAL; Xia et al., 2012) using the methods of Kumar et al. (1997) that
corrects for terrain shadowingjlthough this approach does not correct ptiéd biases in NLDAS

2 radiation fluxes, it provideadequate incoming radiation fluxes for snow modeling over complex
terrain (Harpold et al., 2020; Broxton et al., 201Byoming SWR and LWR araveragedo daily
100-m grid cellsfrom December sLto the date ofeachflight. The number of trees in our RFidl
limited to 200, as higher number of trees does not change the accuracy of. régiltandomly
select70% of our dat#o train the modehnd the remainin§0%data for verification. Talecrease
thebias inthe selection athetraining and verificationlata, we appla K-fold (here 16fold) cross
validation procedureThis resampling approach is commonly used to avoid RFM overfitting
(CawleyandTalbot, 2010).This technique spbtthe datasetnto 10 randomgroupsthattrain and
testthe model independentiyffhe mean absolute error (MAE) metris usedto evaluate the

accuracy otheRFM6s predi cti ons:
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_1 o B8 s (3-2)

wherex; is the observeffSCAgpeni fSCAundecanopy, ¥i is the modele@SCAopenT FSCAundecanopy
and¢ is the number of th&@00-m grid cells The averag&RFM mean absolute errorMAESs) for
Sagehein March 26, April 17 and May 18, 201&ings, Jemez andBoulderare 0.07, 0.06, 0.05,

0.12, 0.0, and 0.1XfSCA is dimensionlessyespectively.

Since higher elevations typically have greater fSCA and, hence, different drivers (i.e. pgdictor
may affectfSCAgpenT FSCAundecanopy We classified the grid celisto four bins for each flight
fSCA<0.3, 0.8fSCA<0.55, 0.56fSCA<0.8 and 0.8fSCA. We selected these bins because they
have roughly the same number of grid cells in each bin. Grid cells with fSCA>0.99 and fSCA<0.01
are exclude. This classification allows a better comparison bepredittor variakes among sites

with highly variablefSCA and snow disappearancdate resulting from differences between
controlling variables ofvegetation densityincoming SWRand LWR, precipitation andnean
winter airtemperaturén each fSCA binWe also used our RF model to predict how change in

vegetatiordensity leads to differendeetween fSChyenand fSCAndercanopfrefer to section 4.5).
3.4 Results

3.4.1In-situ observed differences in open and under canopy snow disappearance

The grounebased observationsoim ultrasonic snow depths and DTS datawshbat siow
generally lasts longer under canopy at the calderezandBouldersites (Tbir< -1°C), but notin
the warm and dry yeaet Jemez (2006) anBoulder (2007 and 2010MieanSDD, including both
open andunder canopyis approximatelftwo montts later at Boulderthanat JemezKigure 32).
The meanstandard deviatiomf snow disappearanaaver the snow depthsensors allemezis
relatively small in the open and under canapy &nd5.0days, respectively)rhe meanstandard

deviationof SDDover the snow depth sensat8oulderis 7.8days under canogynostly because
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of largestandard deviation of SDId 2008)and3.8 days in the open. In contrast, snow lasts
average ® and 73 days longer in the opeat the warmeSageherandKings sites (s> -1°C),
respectively. SDhappensboutdldays earlier irBagehethanKings. Thestandardleviationof
SDD is larger for open and under canopySageher(15.2and B.1 days respectively) tharn
Kings (5.8and10.6days, respectively) and the colder sifdste that we consider eabiTS point

as asinglesensorand calculatstandardieviationof SDDfor a sample of 1500 DTS points in one

winter.
Sagehen Creek Watershed, CA King River Experimental Watershed, CA
- 140 Open Areas Open Areas
8 130 Il Under Trees 170 mmm under Trees
8120 160
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Figure 32: Snow disappearance day (SDD) under canopyratite gen at Sagehen (a), Kings

(b), Jemez (c) and Boulder (d) sites in different years. We used snow depth observations from the
ultrasonic sensors at Boulde'emez,and Kings, and DTS data at Sagehen to determine under
canopy and open SDD. Snow geadlrlast longer under canopy at the colder Jemez and Boulder
sites (TDJF <1°C), but it persists longer in the open at the warmer Sagehen and Kings sites (TDJF
>-1°C).
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3.4.2 In-situ relationship between fSCA and SDD

Since we use under canopy and of8€A to aralyze snow retention, here waptore the
relationship betweeBDD and fSCA aSagehen using the DTS datagicreased fSCA on a given
date is related to earlier SDBigure 33) (i.e. if fSCA is lower, then SDD must be earlier in the
season). fie relatonship between fSCA and SD®estimated by calculating fSCA and SDD every
10 m ofthe DTS cablefor every day in the melting seasatSagehenWe assume every 10 m of
DTS cable as a grid cell, asthow presence/absence datdamplece v e r yn (aR éachiaTS
point). Hence, there are 40 values of snow presence (1) or absence (0)giceeelh Forinstance,
if the number of fAl1l0 values (snow presence)
day of the year when snow digsears completely from eacti0-m grid cell. Figure 33 depictghe
fSCA and SDD relationshigt Sagehermn the day oASO lidar surveyn April 17, 2016 A fitted
sigmoidal relationship betwed®CA and SDDhas the highest correlatiomith observed data

(R?=0.76) when adecline of fSCA from 0.8 to 0.2 isquivalent ta®20+3.1 days change in SDD.

The correlation ofhe fSCA and SDDelationshipss weakelin March and May 2016.

Sagehen
1.0 = sigmoid curve fit . [P
0g| o CeereronDTS data . Figure 33: Relationship between fSC/
" rsca= o iz °: . . o
R2=0.76 and SDD ina small area within Sagehe
0.6 - o

fSCA slope from 0.8 to 0.2 = 20#3.1 days ‘ °

on April 17, 2016 derived from DTS dat

L 4 . L]
0.4 AR .

’ . analysis A decrease of fSCA from 0.8 t
0.2 4 0.2 represents 20 days earli&[3
00 = . cuu..-’

fSCA on April 17, 2016

60 74 88 102 118 130
SDD (days of year, 2016)
3.4.3 Lidar -derived relationships betweensnow retention andtopography

Open andindercanopy fSCA in eachipsr bandindicates thatSCA is higher wheTpsris colder

(i.e. elevation increases) most caseat all sites(Figure 34). Open fSCA is higher than under

€0
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canopy fSCA aflpsr bandsbetween-5 to +2°C at all sites. Wder canopy fS& is significantly
higher than opeireasat the colde Boulder site in Tpsr bands <-7 °C (Figure 34 f), but this
difference is insignificant at the coldesf;Aband At Jemezthere are not large differences between
under canopy and open fSCATarbands <-5°C because fSCA is close 1o Conversely, fSCA
in the open isignificantly higher than under the canofyidure 34 €) for Tpsr bands>-5.5°C at
Jemez At the warmersites of Sageherand Kings, fSCA is generallylargerin the openareas
compard to under canopy. However, in waenT ;e bands oKings (Tpse> +2°C) where fSCA is
<0.4, under canopy fSCA is higher than open fSGAg(re 34 d). There are little differense
(mostly insignificantpbetweerunder canopy and open fSCASdgehemn Mard 26 2016,in the
colderTpyr bands Tosr < -1.8°C), mostlybecause fSCA is close fo(Figure 34 a). As snowmelt
progressesto April and Mayat SagehenfSCA declines and becomes greatén the operthan

under canopy in all but the colddstnds(Tpe < -2°C), where fSCA remains close to 1

We define underanopy fSCA biass the ratiof thedifference in open and under canopy fSCA
to the open fSCAfSCAgpeni FSCAundecanop)/ TSCAopen Under canopy fSCA bida southfacing
(northness<0.1) andnorthfacing(northness>0.1) slopes over differ@iate bandsshows different
interactions with elevation and slope/aspatteach site. Howevenorth fadng slopeshave
consistently higher fSCA than sod#tingslopegFigure 37). Generally, soutfadng slopes show
greater differences between open and under canopy fSCA tharfiauntipslopesat most sitesAt
the coldesBouldersiteandin the coldestTpsrbands Toir< -9°C) fSCA is higheiin theopen than
under canopy in soufflacingslopes Figure 3.5f). Conversely, nortlfiacingslopes in colder bands
(Tose < -8°C) at Boulderhave higher under canopy than op&ICA (except for the coldestod;
band) In warmerTose bands aBoulder(Tpsr > -7.5°C), open fSCA is higher than under canopy
fSCA on rorth facingslopeqexcept for the warmesbd; band) but opposités trueon soutHacing
slopes Figure 35f). ColderTpssbands i< -5°C) atJemezshowslightdifference between open

and under canopy fSCA imoth south andnorthfacing slopes. Wamner Tpyr bands atlemezact
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similar to warmer parts d@doulder, where fSCA in thepen is higher than under canopy on north

facingslopes and vice versa for soti#tting slopes (Figure 35 e). In Kings, fSCA in the pen is

higher than under capy in colder Tpsr bandsbut reverses in warmé@in;r bands across north and

southfacing slopes(Figure 35 d). At Sagehenopen fSCA is higher than under canopy fSCA on

both north and souttfacing slopesfor mostwarmerbandgTpsr >-2 C) during March aah April

2016 (Figure 35 a, b).

Sagehen 26Mar2016

1 * - *
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0.8 “ +
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& 0.6
0.4
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—&— In Open
B4 —22 —20 -1.8 -1.6 -1.4 -12
Kings 2010
1 -
0.8
S
& 0.6
0.4 .
. +
d
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Mean Tpyr (C)

Figure 34: Under canopy and open fSCA in each TDJF band for lidar flights over Sagehen on
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and open fSCA, based on Wilcoxon sigadk test. Note that the range in thaxis is different

for each site. In general, fSCA, is higher when TDJF is colder (i.e. elevation increasksites
and open fSCA is higher than under canopy fSCA 4C < TDJF < +2 °C at all sites.
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Figure 35: Under @nopy fSCA biag[fSCAgpenT fSCAundecanopy/ TSCAopen for southfacingand
northfacingslopes over differep;zbands for each Lidar flightver Sagehelin March 26, April

17 and May 18, 2016 (a, b,;&jingsin March 2010 (d)Jemezn April 2010 (e) andBoulderin

May 2010 (f).Positive numbersof canopy fSCA biadndicateshigher fSCA in the opeiand

negative mmbersshow higher fSCAundercanopy id0 si gns i ndismrificamt st at i
difference betweerf$CAopeni FSCAundecanopy/ FSCAopen(y axis valuejn south and northfacing
slopes.South facing slopesgenerallyshow greater differencdsetween open and under canopy

fSCA thannorth facing slopes.

3.4 .4 Lidar -derived relationships betweensnow retentionand forest structure

The hypsometry (i.e. distribution of site area across the elevation) andyhgatmn of slope and
vegetation var at each site in ways that could affdwt interpretation of under canopy versus open
fSCA. The hypsometry varies among sites, with a bias to more relatively low elevation area in
Sagehen and Jemez to more relatively high elevation area in Kings artkBdiie effects of
elevation and aspeoh vegetation distribution is also evidenfigure 36, with more area of high
vegetation density at higher elevation at Kings and more lower vegetation density at the higher

elevations of Sagehen and Boulder.
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Figure 36: Percentage of area wigouthfacing and northfacing slopes and low and high
vegetation densitgver differentelevationbandswithin eachsite: Sagehen 2016 (a); Kings 2010
(b); Jemez 2010cj; and Boulder 2010dj. The hypsometry and the -s@riation of slope and
vegetation varyteeach site

We spatiallyclassifyunder canopySCA with low vegetation density (lowVD).01 < vegetation
density< 0.4) andhigh vegetation density (highVD,6 < vegetation density%99) to investigate

the role of vegetation density @&chsite (Figure 37). We exclude 16%, 10%, 7% and 5% of grid

cells in Boulder, Jemez, Sagehen, and Kings, respectively, which are covered by vegetation density
between 0.4 and 0.6s we aim to differentiatihe effects ovegetation densitgndmembersin

general, nder canopy fSCA is higher under lowMf@mpared to highVDHigure 37) on both

north and soutfacingslopes except in JemeDver colderTp;r bands Tosr < -6.5°C for Boulder,
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and Tpyr < -4.5°C for Jemey, this patterncan be seen clearlyvhile in warme Tpsr bandsat
Boulder and Jeme#SCA is higher under highVibr bothsouth andnorthfacing slopes Figure
3.7 g, f). At the warmesT p;r bandsat Kingssite (> 2C) fSCA is highest underighVD in south
facingslopes and lowest under lowVD in nofiting slopes Figure 37 d). At Sageherover all
Tosebands, there is a large difference between fSCA on $acitigand nortifacingslopes under
bothlowVD andhighVD (Figures 37 a,3.6 b, c) andincreases in warmer months and waringe
bands. fSCA isighest in northiacingslopes under lowVD and lowest in sofaleingslopes under
highVD at Sagehen, and cold&p;- bandsat Kings {Tosr< 1.5°C) and Boulder Tose< -7°C).
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Figure 37: Under canopy fSCA for south facing and north facing slopes Mithand high
vegetation density (lowVD and highVD, respectively) across TDJF bands for each lidar flight over
Sagehen in March 26, April 17 and May 18, 2016 (a, b, c), Kings in March @p1@nez in April

2010 (e), and Boulder in May 2010 (f). Under apy fSCA is higher under lowVD compared to
highVD on both northand south facing slopes, except for south facing slopes in Jemez and warmer
Kings sites. fSCA is highest in north facingsts under lowVD and lowest in south facing slopes
under highVD at &gehen and colder TDJF bands of Kings (TDJF < 1.5 °C) and Boulder (TDJF <
-7 °C).
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345 Investigating controls on differential under canopy and open fSCA with a Random

Forest model

We devéop site-specificRandom Forest mode|RFM) to predictf SCAgpeni fSCAundercanopy With
mean absolute errorMAESs) of 0.07, 0.06, 0.05, 0.12, @land 0.11(absolute fSCA units, i.e.
fractions) for Sageherin March 26, April 17 and May 18, 201Kings, Jemez and Boulder,
respectivelyThe RFM for Boulder has the higseMAE in fSCA prediction, which may be due to
this sitehaving a low point density for sneen lidar that was acquired over three days in April
2010 [Table 32). Vegetation density is thmost important variabli@ the RFM for predicting fSCA
differencesin the colder sitegFigure 38). However the role of vegetation densitgssenswith
declining fSCA.This guide us to investigate the relative importance of predictor variables in four
fSCA bins Figure 38). In generall WR and SWFRhave the same imporiee asregetation density

in controlling differential under canopy and open fS@fwarmer and lower fSCA bins #&tings

and Sageher(Figure 38 a,d). The importance of precipitation and temperature is largest in the

lowest fSCA bins, excepait SageherfFigure 38).

We usethe RFM models to predict the difference between open and under canopy for
0.3<fSCA<0.8acrossall possiblevegetation densés ateach sitgFigure 39). To simulate the
effects of low and high insolation environments, we forced the R¥ the 20" and 8¢
percentils of SWR datasimulating a northand south facing slope, respectivelpd the mean of

all other predictor varidbs Following the analysis frorRigure 37, the RFM shows thdSCA in

the @en is higher than under canaggross all vegetation densities at the warm sité§nafs and
Sagehenwith the exception of 80percentile of SWR scenarisith vegetation densi <0.4 at

Kings. The RFM models show fundamental differences among colder sites, such as higher under
canopy fSCA than opeSCA across lower vegetation density areaBatilderand the opposite

effect of vegetation density demez Areas withvegetationdensity> 0.4 generalljhavehigher
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open fSCA relative to under canopy fSCAaditsites except for Jeme3imilarly, & vegetation
densityexceeds-04, differences between open and under canopy fSCA staliiizereach an

asymptotept all sitesexcept Jemez, and April 17 in Sagehen to a lesser degree
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Figure 38: Importance of five predictoryegetatiomn density (VD), average incomirginortwave
(SWR)and longwavéLWR) radiation total precipitation (P) and average temperatug (T), from
December %to the day of lidar overflightfor predicting[fSCAgpen- fSCAundecanopy in fTSCA bins
of fSSCA<0.3,0.3<=fSCA<0.55, 0.55<=fSCA<0.8 and 0.8<=fSCA for each lidar fli§@gehen
in March 26, April 17 and May 18, 2016 (a, b, K)pgsin March 2010 (d)Jemezn April 2010
(e), andBoulderin May 2010 (f).The importanceof vegetation density generally degs with

declining fSCA across sites.
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Figure 39: Prediction of [f[SCAopeih fSCAunderCanopy] across all sites using the RBiV20th

and 80th percentile of mean DJF incoming SWR across different vegetation densities, and the mean
of incoming LWR, precijiation and temperature for each lidar flight over Sagehen in March 26,
April 17 and May 18, 2016 (a, b, c), Kings in March @@d), Jemez in April 2010 (e), and Boulder

in May 2010 (f).

3.5 Discussion

Leveraginga new method o multisite snowon airbane lidaranalysisallows new insigtginto
the causes of differential snow retentionojpenversusunder canopyareas Our site with the
smallest lidar dataset has 2.6 milliom# grid cells Kings), compared tdhe typical small sample
size of around 5-10 groundbased sensors per siteiqure 32). Lidar surveys have an obvious
advantage for accurate determinatiosrudw gesence or absenoger large spatial extents, though
only providing a snapshot in time. Groubhdsed observations provide a contins timeseries

over a much smaller domain, but they are impractical for observing snow preshigie sgatial
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resolutionacross thgradientf vegetation densitgnd topographydone in this studyThe large
number of points also provides statistipalver (i.e. decreases uncertainties), that otherwise could
overwhelm a smalsample ofgroundbasedobservationsAs the avalability of snowon lidar
datasetincreasegDeems et al., 2013; Painter et al., 2016¢methodpioneered by Kostadinov

et al.(2019)can be improved and expandedaveralways.Detection of snow surface versus low
canopy branchess a fundamentathallenge in dense canoggr deep snowpackinless the
method or datasets arémproved. Timing of eachlidar flight also represerg snowpack
characteristics at the moment of flight timieeachsite The RFM analysis tries to avoid the ron
time varying quality of lidar data by making a spé@etime substitution that includes the lower
and higher elevations with different underlyisigowpack mass and energy budgets. To minimize
this assumption, weindde the RFM analysis into fSCA bins. Sites with mtdimporal snowon

lidar datasets during one snow season like Sagehen ASO flRgitster et al., 2016)ffer the
potential to tracKSCA (or snow disappearance) directlhey also allow a better reggentation

of how under canopy and open snowmelt timing varies in time and swhah was only
preliminarily explorechere with existing datasetsdar flights that target maximum SWBEdonly
show relatively high fSCA (e.g. >0.6 in Jemez) are lesstipedcfor the analysis of snow
disappearance timing. Future work might consider linking fSCA to SDD to use lidar to estimate
SDD in terms of days (i.d=igure 33), which is more consistemwith groundbased observations

used in previous studieBickersonLangeet al., 2015a; 2015b; Lundquist et al., 2013)

Our findings suggest thabcal sitecharacteristics, like topography and vegetation structure, can
modify the role of climatic facts (i.e. air temperaturd,undquist et al., 2013and dictate snow
disappearancéiming in open versus under canopy areBespite relationships betweeair
temperatureand snowpack energy fluxes (Ohmura, 20@ifferencesbetweenopen and under
canopy 5CA are not well predicted yiresholds inTpse only (Figures 4, 57). Terrain shading

caused by slope and aspect, generally reduces SWR and air temperature on north facing slopes and
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increases LWR relative to SWR in snowpack net radiation budget carpaseuth facing slopes
(LopezMoreno et al., 2014; Maxwell et aR019 Malle et al., 2019, Musselman et al., 2012
Strasser et al., 201.10ur findings suggest that aspect can accentuate the effects of climate: north
facing slopes have greater snowergion under canopy at colder sites while south facing slopes
have geater snow retention in open areas at warmer sites. Earagbyhas high emissivity and
emits moreLWR than thesurroundingatmospherevhen warmed by SWRwhich efficiently

ablates both north- and south facing under canopgowpackat warm sites like Sagehdiodt et

al., 2018; Webster et al., 201Fpr example, there is greater snow retention in open areas in south
and north facing slopes at madst;r bandsat Sagehen and higher eléwa at Kings, while north
facing sites only pronmted snow retention under canopy at the coldest bands at Jemez and
Boulder fFigure 35). In addition to slopaspect effects,ahserforest canopy in warmer climates
interceps snowfall more efficientlyRoth and Nolin, 2017)Thus, sites with tallerradenser trees

from the same warmer climate, would be expected to have less snow under canopy due to canopy
interception and sublimation losses. This is confirmed by higher fSCA in low versus high
vegetatim density Figure 37) and the corresponding impance ofvegetation densitin the RFM
(Figure 38), which suggesthat denser forests cause earlier snow disappearance under canopy
(Figure 37 and3.9). Interestingly, the relative importance of meteogital data in the RFM (i.e.

T, P, SWR, and LWR) gigests a lower role for topography compared to ségpect analysis in
Figures 3 and3.7, hinting at important interactions between climate, topography, and vegetation

structure in controlling snow retgéon.

Interactions between topography and vegetatistructure can alter the dominant snow
accumulation and ablation processes controlling open versus under canopy snow retention. These
interactions are infeasible to measure with grelbased measuremeiatisthe landscape to regional

scale Prediction ofsnowmelt patterns over large extent (>1Fki® typically prescribed in lard

surface models that struggle to capture at adoae (~1 m)Broxton et al. 2015, Sun et al. 2018,
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Mazzotti et al. 202D However, our large lidar extent elucidates many effthescale processes
affecting the snowpack radiation buddgg@tVRis higheston southfacingslopesduring the ablation
seasowhen solar zenith angle isw (Strasser et al., 20}, .which disproportionaly warms trees

and increases LWRompared to north facing slopekfas and Essery, 2Q1lodt et al., 2018;
Webster et al., 2016d). LWR from warm canopies could help to explain the reduced snow
retention under canopy at warm, south facing slopagi(e 35 and3.7) that would also ieive
considerable early season SWR. At Sagehen, south facing slopes have less under canopy snow
retention early in the ablation season, but réating have less snow under canopy later in the
ablation seasor{gure 35) as solar angles become suffitigmigh to warm the canopy of shaded

north facing slopes. Once snow is intercepted by the canopy, local energy budgets dictate whether
that snow sublimates, melts and drips to the ground, or sloughs to the snowpaek @taid
2018;Molotch et al., 2@7). Interception efficiency is typically higher at warm, north facing areas
where snow can be retained on canopy for a sufficient time to sublimate compared to south facing
slopes where snow is more likely to drip onglb (Harpold et al., 20204oeser €al., 2016; Roth

and Nolin, 201Y. Blowing snow is more likely to scour in open areas and redistribute under canopy
(Erickson et al., 2005), which may explain greater under canopy snow retention on north facing
slopes irthe coldest bands at the windy Baer site (Tennent et al., 2017; Toendle and Leaf, 1980).
These process insights help to recontextualize the controls on open versus under canopy snow

disappearance and include the important role of topography anddwtestire.

We develop a new concegail frameworkfor researchers and resource manatieaisexplais how
topographyand vegetation structurieteract tocontrol open and under canopy snow retention
across different climate&igure 310). Our framework buds upon simpler, welestablishedone

way effects (i.e. air temperature) to include the interactions of canopy, terrain, and climate that
cause differential snow retention across sites. Generally, snow retained longer under canopy on

south facing slopesue to shading effects in very waamd cold climateRigure 310). Interception
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causes an opposite outcome, with less snow under canopy than in open at all sites with an additional
increase in interception efficiency during warmer snowfl®bth and Nolin 20179. This is
supported by lessnow under canopy in warmer climatésgre 310). However, interactions
between interception, shading from SWR, LWR enhancement, and wind sheltering are necessary
to explain SDD differences across sites. For examplghdacing slopes generally havesgter

snow retention under canopy at colder sites. Moreover, the warmest, aaditiorth facing areas

have greater snow retention under canopy when vegetation density is higher, which is contrary to
the simple effectsfanterception and longwave radiati that reduce hasten under canopy snow
disappearance. We attribute these contrary effects to the importance of vegetation shading at all
sites, particularly asolar altitudeangles become higher later in the ablaticasea (and in deeper
snowpack). Theoldest areas in our sitesyjf< - 7 °C) show fundamentally different controls that

lead to more snow under canopy. We hypothesize a high influence of SWR shading in the snowpack
net radiation budget (Tennant et al. 2Hs well as a higher chance ofdery snow redistributing

by wind at colder sites. Overall, our conceptual model captures these broad effects in a relatively

simple visualizationKigure 310) designed to inform future research and management actions.

Our new lidarbased conceptual modelxplaining differential snow disappearance in open and
under canopy areas, has practical management implications but will need continual refinement
Greatersnow retention delays thsmil water inpus, resulting ina shater soil moisturerecession
(Harpold and Molotch, 2015nd limits the water stress peritat ecosysterm(Harpold, 2016).

Later siowmelt similarly delays the dry down of surface fuetais, reduces extreme wildfire
activity (Westerling et al., 2006). Fest management actions (eirge removaandcontrolled fire)
designed to retaisnow have a long history (Alexander et al., 1985; Anderson, 1983; Golding and
Swanson, 1986; Varhola et al., 2010). However, our insights allow more spatially explicit

mana@ment strategies that accotor natural variability of climate arfdrest structuren complex

topographyfFigure 36). For exampl e, t h shauldiganagralligecreagedWRandit t i ng
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snow interception,which has been shown to increase snow actation and melt volumes in
recent fine scale modeling results in the Sierra Nevada (Krogh et al., 2020). Thus, canopy removal
could help retain snowpadk warmer and densecanopy area®f SagehenSimilarly, lower
elevations of coldenorth facingareas(e.g. Bouldel) may experiene benefitsof tree removal

while colder southfacingslopes with low canopy densifgspecially at higher, windier elevatigns

might experience reductions in snow retentfaranopy was removed his is consistent with the

lack of snowpack response t@e¢ removal in the Rocky Mountains in previous studies of insect
caused tree mortality (Biederman et al., 2014) and fire caused canopy loss (Harpold et al., 2014).
However, our simplistic treatment of vegetation neglects seivapalrtant controls: 1) diffrences

in species and growth limitations, 2) different intend intrasite disturbance history, and 3) fine

scale canopy structure and gaps. For example, our simple treatment of canopy density cannot
adequately capture diffences in interception effiehcy across conifer species (Roth and Nolin,
2019,Huertaet al., 2020). The cwariation of tree species with elevation (and aspect) may limit
the utility of the spacéor-time efforts done in the RFMecause the overall diditition of forest
canopy Figure 36) are not accounted in our approach. Aspect and slope also feedback into the
forest disturbance history (i.e. fire severity and return frequency; Pelletier et al., 2018clme

forest structure, like the size of cguyogaps and the spacing oéés, can be an important control

on snow distributions (Curriend Lundquist2018; Mazzotti et al. 2019, Sun et al. 2018, Mazzotti

et al. 2020) that is not considered here. Future studies should better account for fatast $tyu

using very higkdersity snowon and off lidar dataset that can characterize tiensional forest
structure in ways that account for differences in tree spacing, species, and othealfineffects.
Improvements in the lidar analysis techreégiwould be combined withsting and improving high
resolution, procesbased snowpack energy budget modBloxton et al. 2015, Mazzotti et al.

2020 to increase the predictive certainty of shfmrest interactions and pefirest disturbance

hydrology.
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Figure 310: Conceptual frameworkndicatingdifferential snow disappearance in open and under

canopy areaand the impact ofopography and vegetation structune open and under canopy
snow retention across different climgt€errain shading frorelope and aspect csgs more similar

patterns on south facing slopes where there is generally more snow retained under canopy due to

shading effects. Interception causes an opposite outcome, with less snow under canopy than in

open.Orange color shows grater snow retentiomithe open; andreen color showsgreater

snowretention under canopy.
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3.6 Conclusions

Changing the forest canopy one of the few ways th&brest and water resource managean
controlsnow disappearance timirgnd mitigate the negive consequences oimate change on

local and downstream water availability and wildfire regiifige rairsnow transition is likely to
increase in elevation due to climate change, causing warmest area (e.g. lower elevation in Kings)
to only receive raifall (Klos et al., B14). Colder areas (like Jemez and Boulder) may act more like
historically warm areas (like Sagehen and Jemez) which may lead to greater snow retention in open
areas as interception efficiency and net longwave radiation increasess&eaam areasvith

dense vegetation typically have potentalcanopy removal to increase snow retention, especially

on southfacing slopes forest practices may have to update in locations where-gagetation
interactions are changing from global weing. Ablation by SWR in open areas is important at

both warm and cold sites and is generally expected to decrease from increased atmospheric
humidity and cloudsYchwarz et al., 2020; Wild et al., 199&hanges in forest density in response

to future clmate nay accentuate our findings on forest thinning on north facing slopes to increase
snow retentionKigure 310). In order to predict the effects of climate change on swegetation
interactions across complex terrain, these process inferences ndmdl itmrporated into
hydrological modeling and translated into decision support tools for resource managers. Given the
few ways to monitor under canopy snow disappearance in montane forests, we belidastdar
inferences should continue to be refinesd an mportant tool for improving water resource

prediction.

All snowon and snovoff lidar datasets for Jemez, Boulder and Kiagd snowoff lidar dataset

for Sagehenare freely available fromhtips:/portal.opentopography.org/datasqgablic data

Servers.


https://portal.opentopography.org/datasets
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Chapter 4
Estimating Evapotranspiration Gradients in a Montane Forest Using

Thermal Observations and TweSource Energy Budget Modeling

Abstract

Evapotranspiration (ET) as tlkey component of energgnd water cycles dand atmosphere
systemregulateshe localwaterbudget that is critical toavnstreantcommunities. Estimating and
monitoring ET is essential to identify the sensitivity of forests and downstream communities to
climate changeHowever,a large spatial variability in ET, because of complex topographic
gradient and canopy distribution, makes its prediction challernigingpntane forests. In this study,

we aimed to explore whethéhermatbasedtwo-source energy balance (TSEB) modesing
imagery from an unmanned aerial syst&yA$) and the NASA Ecosystem &peborne Thermal
Radiometer Experiment (ECOSTRESS) can cadineescale spatial and temporal ET variations
caused by topographic and vegetation gradients. We perform our experimemikigd coniferous

forest and meadow field site at mountainous Sagéreek Basin, California, USA.a flux
measurements show that trees along a hillslope have different timing of seasonal transpiration and
ET observations at eddy covarianowers sugge that subcanopy ET are comparable to overstory
transpirationWe corducted four UASlights at 3 pmin April 29, June 11July 11, August 15

2019 and collected and calibratéite land surface temperature (LSiageryat 12 cm spatial
resolution The difference betweerthe UASbasedland surface temperaturd3T) and ar
temperature (AT)or ee Treflecs spatialthermal stressconsistent with observationsvhereas
coarseresolutionECOSTRESSasedLSTcannot sense any dcrassthe di f f
study site We thenestimateET using the TSEBnodelcoupled with UASLST thatindicated the

highe daily ET in lower elevations imeadowandthe lowe in higher elevationdHowever, both
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UAS- and ECOSTRES®ased TSEB overpredict mean dadgropy transpiratiorby about4
mm/day compared teddy covarianceneasurementsThe ECOSTRESS and UAS TSEB also
overpredict the relative contribution of tree overstory ET and underpredict the contribution of
subcanopy grass, shrub, and soil tBTotal ecogstem ET.Our results showehallengesn high
resolution ET estimates in complérain, particularly over large domains, and underscores the
necessity to combine high resolution meteorological landscapdatasets withigh-resolution

aerialLST produts to capture critical ET gradieim montane forests.

41 Introduction

Evapotanspiration (ET) couplavater and energy cycles and has cascading effects the
lithosphere hydrospherebiosphere and atmosphere. ET is the largest component of montane
forest water budgets and theretagulaes downstreanfreshwatemresources. Howevedimate
change habeen i nfl uenci nE (Rosadotetaah,2016; €Coopes &t @ls 2020;
Gaertneret al., 2019) androwing season lengthdarpold, 2016 O'Learyet al., 2018 in snow
dominated, Mediterranean climates, like the Sierra Neva84, The montane forests the Sierra
Nevadareceive most of their precipitation as snow, hence they mastlyon snowmelt water
(Trujillo et al., 2012) Earlier sowmeltdue to global warmingMote et al., 2018Musselman et

al., 2017) leads to earlievater input to soil system when lack of energy may limit transpiration.
Shifts in soil moisture timing from earlier snowmelt increases the days that trees arémiter |

in the Sierra Nevadapoper et al., 220). In addition to onaedimensional changés water inputs,
lateral redistribution of water in complex topography alters the land surface energy and water
budges at large scales (Tague and Pe813 McNamaa et al, 201). Hence, Hective ET
estimates are needed not only for current water gugpp forest management, but for predicting

theclimate changeffects in future with limited snowpagkEvan, 2019; Dibike et al., 2018)

Evapotranspiration has beebserved using field measurements and methods that operate at the
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tree to ecosystem scalath different advantages and drawbacks. At the scale of an individual tree,
plant chambers, weighting lysimeters, and sap flow techniques are common (YangG@t7al., 2
Zhang et al., 2014). Weighting lysimeters and plant chambers have been used tte estima
transpiration of plants and small trees, but it is not applicable on tall trees (Magliano et al., 2017).
Sap flow technique estimates tr&eale transpiration arwn be scaled up to staadale of multiple

tall trees (Berry et al., 2018), even over @bex terrain with varying elevation, slopes, and aspects
(Looker et al., 2016, 2018). However, converting sap flow density to transpiration rates requires
making sigificant assumptions abotiee speciesroot depth distribution, diurnal/nighttime sap
flow, and sapwood area (Lu et al., 2004; Klein et al., 2014; Kume et al., 2016). The timing of sap
flow density can be used to estimate periods of water stress witlakingrthose assumptions
(Cooper et al., 2020). Eddy covariance (EC) techniques measigh &idguency time series of
water vapor and carbon dioxide concentrations aBdv@locity fields to estimate ET (Tie et al.,
2018). ECbased estimates of ET havéatarely small and often uncertain footprints, as well as
inability to separate evaporatidrom transpirationZitounaChebbiet al., 2018); nonetheless, EC
towers can be deployed under and above canopy to separate overstory and understory ET (Scott et
al., 2013). However, this technique contains uncertainty when applied to complex terimiiz {Sh

et al., 2015) that dominates montane forests, like the Sierra Nevada.

The costsof field-based toolsand aninability to scale up to larger arelhave inspirechew aerial
and remotesensingtools to estimate foresT and water stress using thermalaigeryof land
surface temperature (LS8@nhd energy budget modelirflylcCabe et al., 201 7Seyednasrollah et
al., 2019 Kustas and Anderson, 2009; Norman et2000. LST controls the longwave radiation
emitted from the surfacand sensible heat exchanigetween the atmosphere and the surface
(Bertoldi et al., 2010)Aerial canopy thermal stresdefined ashe difference between LST aait
temperatur¢AT), is a result of the balance between heat loss from ET and net raq@imgnet

al., 2013; Seyedseollah et al., 2019ang et al., 2013)A decrease in thermal stress is caused by
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an increase in ET, defined as latent heat coolvidd(exler et al., 2011 Seyednasrollah et al.,
2019. Therefore, thermal stress isediable proxyto examinewater stess in vegetatio(Ding et

al., 2013 Seyednasrollah et al., 201®eyednasrollah et a2019 show thata 1 dedke@sén

the thermal stress is comparablditd . 2 /daywfET, depending on site and climate conditions

but it cannot directly provide an estimate of canopy water use and soil evap@atigltite and
aeriatderived thermal imagery can bsed to estimate sensible (H) and latent (LE) heatiflux
combination with empirical or physicallybased modelsacross largedomains Kustas and
Anderson, 2009; Fisher et al., 20@arcia and Tague, 2015; Norman et al., 2@ et al., 2011
Vanderhoofand Williams, 2015 Song et al., 2018Zipper and Lohéle, 2014). Empirical
approaches introduce uncertainty by simplifythg actual ET to a fraction &eference ETand

do not detect rapid changedh (Chiesi et al., 2013Most physicallypased mods, on the other

hand, link the water and energydgets of an ecosystem (Silva et al., 2017) pamtition incoming

net radiation (Rn), composed of shortwave (SWR) and longwave radiaiiéR)( into ground

heat flux (G), and turbulent fluxes of sensibkat and latent heateglecting internal change$
energy during relatively small tirmsteps Kustas et al., 201&un et al., 207). Thesephysically

based models$ypically close the energy budget by making some assumptions on land surface
properties, 8ch as vegetation type, plant growth stage, togguiny, land management (Magliano,

et al.,, 20%; Yang, et al. 2017), and energy fluxes parameterizatibhermal energybased
physicalmodelsemploy measurements of LSahd cooling effect of ET to improvetént and
sensible heat estimates and constrainethergy budgeKustas and Anderson, 2008astelli et

la., 2018; Yang et al., 2017). One source energy balance model (OSEB), as an example of these
models, uses LST for mixed soil and vegetation conditmisdoes not distinguish vegetation and
soil tenperature. These limitations lower the performance of OSEB in tree transpiration estimate
(Kustas and Anderson, 2009). Two source energy balance (TSEB) model, on the other hand,

segregates land surface enefigixes into soil and vegetatidatent and senile heatfluxes for
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heterogeneous terrain&r(derson et al., 199'Kustas and Anderson, 280Yang et al., 2017hy

linking aerodynamic radiometric surface temperature (TRAD) to soil (TS) and canopy temgerat
(TC) separately (Norman et al., 1995). Thiedal partitions ET into direct evaporation from the

soil surface (Es), canopy evaporation of intercepted water (Ei) and tree transpiration (Et) (Brenner
et al., 2018Hoffmann et al., 2018<ustas and Normar2000; Song et al., 2017; Silva et al., 2017;
Vicente et al., 2018)TRAD can be derived from direct thermal infrared (TIR) sensoisigir
resolution thermal imaginigom aerial systeméXia et al., 2016)Besides LST dataset, wind speed,

air temperatureair pressure, humidity, incominghortwave andongwave radiations, are key
temporallyvarying forcing dataandleaf area indext(Al ), canopy heighteffective leaf widthand

soil and canopyerodynamic roughness lengtind emissivity are the mgiamameters.

Satellitesystems have been providing L8fagey that has been employed to estimate ET using
TSEB modelover large domainsMODIS (MODerate resolution Imaging Spectroradiometer
produces daily LST at-km resolution, whereas Landsat provides L®@ps at 100120 m
resolutionevery 16 days, and both have been widely applied in TSEB models (Cammalleri et al.,
2013; 2014; Yang et al., 2017). Howevarpst of satellitebased thermal images have either
relatively low spatial resolution and/or low tempdrresolution (Cammieri et al., 2013),
preventing a highly accurate detection of spatial or temporal ET variations in the montane forests
(Kustas and Anderson, 280Silva et al., 2017; Yang et al., 2017). Some studies have combined
daily MODIS and 30mresolution Landsat LB imagery to provide optimal spatiotemporal
coverage(Cammalleri et a).2014 Yang et al, 2017) Recently, the ECOsystem Spaceborne
Thermal Radiometer Experiment on Space Station (ECOSTRESS) mission is acquiring LST
images at a spatieesolution of 38m88m Guillevic et al., 2014Anderson, 2018). ECOSTRESS

LST imagery is currently being used with a TSEB model to create daily, 30m by 30m estimates of
ET in the United StateAnderson, 2018)This is a step forward improving high regtbn,

regional ET etimates; however, its performance in representing complex montane forest ET over
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steep topographic domains need to be examined. LST from unmanned aerial(8ys8man
provide highspatial resolutioficm to m scales) thermal imagies TSEBapplicationgXia et al.,
2016 Khalig et al., 2019)Nieto et al. (2018) applied UAS thermal and multispectral imagery to
testaTSEB model to estimatatent and sensible heaixes for short canopy vineyard and orchard
farms However, applicatin of TSEBmodel with UASbased LST has not been assessed in
complex terrainwhere aerial imagery is challenged Ietmal infrared instrument biagixel
mixing between canopy and suohnopy (Pestana et al., 2019) ahdrmal reflections of the
atmosphez and signbattenuation by water vap@Aubrecht et al., 206 UAS-based bservation
over melting snowas a black body withigh emissiviy, is a unique approadb calibrateUAS-
derived LST foilinstrumenal bias(Pestana et al2019. Mixed pixel LSTimages ar@roblematic
since a single pixel can represent LST from both canopy andwdhcan be very differerdue

to canopy transpiration cooling effeéthaliq et al., 2019)Influence ofskythermal reflectionsnd
signal attenuation by water vapoetweenhe vegetation and camdgsaanother source of error in
LST thermal imagery Aubrechtet al., 2016), which isubstantialwhen thermal camerare
mounted tens of meters away from vegetatldowever, this can be corrected usesiimates of
incoming LWR andatmosphericwater vapor canopy and air emissivity and sky temperature
(Aubrechtet al., 2016)The application of TSEBhodeling with carefullycalibratedthermalLST
imagery could help to resolve forest ET in complex terrain that often hgatant hydological

gradients at the tre¢o hillslopescale

We develop a unique set of groubdsed and UA®ased thermal imagery observati@soss
topographic gradientto test and improve TSEBerived ET. At our mixed conifer forest and
meadow stugl site Sagehen Creek, California, UpAve utilize sap flow and eddy covariance
observations to study two hydrological gradients: 1) groundwater availability up in a hillslope
transect and 2) overstory tree ET versus understory grass and S0dfaprehasiveobservations

of LST from field radiometers, UAS and ECOSTRESS LST imagery during the 2019 growing
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season allowed us to explore ET estimates from Ti@&&el.Our UASderived ET estimates take
advantage of highesolution imaging (1:2m) and local veital obsrvations of air temperature,
wind speed, and atmospheric humidity, compared to ECOSTRESS LST and ET products that are

much coarser. We explore these reseguetstions:

1) How doesobserved ETvary acrosstree clusters on dillslope with differentia

grounavater access and differ between above versus below canopy vegetation

2) Can UASandECOSTRESS.ST imagery capture the heterogenous latent cooling effects

and does th& SEB model capturtheseET gradiens?

3) What factorgproducemoreor lessskill in TSEB esmates ofET using thermal imagery

from UAS and ECOSTRESS, and what are the implications for future satellite mbssions

4.2 Study Site and Data

4.2.1Study Site

Our study site is th&agehen Creek Watershdtht is located in the northern Sierra \Nela,
Cdifornia, US. Sagehen hasdrainage area of 28 Krand anaverage elevationf 2200 MASL
ranging between 1800 and 2700 MASlhe average wintemnir temperature is approximately.2

°C and the mean annual precipitation is 1215 mm, of which 708aaw/fall (WRCC, 2020).
Sagehen is a forested montane watershed covered by mixed conifers including WHitgeSir (
Concolo), Red Fir A. Magnifica), Lodgepole PineRinus Contorty, Jeffrey Pine R. Jeffrey),
Sugar Pine H. Lambertian® Western White e (P. Monticolg, and Ponderosa Pind.(
Ponderosa(Godsey and Kirchner, 2014; Li and Nieber, 20THe soil composition initsslopes

is predominantly loamy sand saqitteveloped in weathered volcanic parent maté@abper et al.,
2020) We focus ou study at thelower elevationof the watershed where the elevation ranges

between1930 and 2005 MASL (Figuret.1). The lower 19301978 MASL), the medium and
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higher (19962005 MASL) elevations are referred as the meadow, midslope and upslope,
respectivelyFigure4.1). The meadow is equipped with three meteorological to@atedMain
Tower and Subcanopy Towadrsthe basirwide network) and three eddy covariance (EC) towers

at the same locations (Figufel). We set a tower i mixed tree and grassway ste close toa
Lodgepole PineKinus Contorta treein the meadowo collect radiative data (Rad Tree tower,

Figure4.1).

4.2 .2 In-situ Measurement of Meteorological Dataand Sap Flux Density

The Rad Tregower isequipped withfive co-locatedpyrananetersand infrared radiometetbat
measure incoming shortwave radiat{®WR) and surface temperature, respectivaly, different
aspects of the tredt has ongyranometer measurirgutgoing SWRonepyrgeometeto collect
incoming andoutgoing LWR, a CHR4L, 4-Channel Radiometer to measure near infrared and
infrared wavelengtto estimateyreennesat the topof the treetwo thermometerandpyrgeometer
sensorsat low and high height of Rad Tree to measure relative humidity (&H)emperatue
(AT), windspeedWS) and wind direction, anébur sap flow sensors dbur aspects of the tree

(Figure4.1).

Main and Subcanoppwers(yellow rectangles in Figure 4.1) measanetemperaturenvindspeed

and atmospheribumidity at 3.25, 13, 20, and03m ewery 30 min. They also provid&-min air
pressurdAP), air vapor pressure (VAjcomingand outgoindongwave and shortwave radiations

Three eddy covariandecated at the meteorological towers reclatgnt (LE) and sensible (H)

heat fluxesevery 30 mi. EC systems are operated by ETH university since July 2017, located
above and below canopy, measure the density of water vapor and carbon dioxide (hence latent and
sensible heat fluxes), wind velocity, and full radiation budget. The towsrfiale thenocouples

to measure soil heat fluxes (&ap flowdensity iscolleciedusingthermal dissipation sap velocity

probs (TDP)}hathave an electric heater measuring the difference between the temperature of two
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needles(Cooper et al. 2020)Sap fow sensorsare distributedn two hillslope (midslope and
upslope) clustersaandone cluster in the meadavearthe Rad Tree(redcircle; Figure4.1). The sap
sensors in Sagehen are collecting the data from 2017 every 15 n{fPlese refer t€ooper et
al. 2020for more details).At sap flow clusterwe also measurd5-min soil moistureand

temperatur@t 10 cm, 30 cm, and 50 cm depthsd LST with thermal radiometer sensors

Figure4.1: Location of the Rad tree, equipped with the radiometers and the meterakdegsors
Red circles show the location pine trees equipped by sap flow sensiorshree clusters of the
meadow, midslope and upslopéellow rectanglesiepictthe locatimm of main tower and two
subcanopy towers, as well addy covariancéEC) towers. UAS RGB and LST imagery are also

shown.

423 Thermal Infrared (TIR) Imagery Via U nmannedAerial System

We collected five days of thermal infrared (TIR) and RGB imagery via unmanned aerial system

(UAS) over our study site in the Api®ctober 2019 peod (Figure4.1). The TIR cameravas

































































































































