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Snow occupies a | arge portion of the Earth
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CHAPTERE

| NTRODUCTI ON

Overview

Snow occupies a | arge portion of the Earth
hydrologicaéveesohazarda and a key component

high reflectivity and al bedo of snow exerts <c

direct effect on global and regional <climate.
headwater channels, generating continuous fl ow
dynamics. The timing of these phenomena is <cr
wat ershed connectivity. Lash,hsmaw Ipreseand a
infrastructur e, namely in the form of aval anc
aval anches in the past decade. Despite this t

aval anche hazards exi st , tand naewvda Ibayn cphoeo rf i onw um
Therefore, accurate measurements of physical
integral to climate change, headwater hydrolo

the Earthds snow c ooveart eedx itsetnse aism yreermaditi es gaonfd sin

snowmel t difficult. Further, snowpack propert
time. The goabkbsefithkbeer eiserfamaziesegr nNlaR) | i dar
i magehriyl,e w ntegrating spatial and radiometric

physical snowpack -puppbkretdebeaddaseowmbbhtnel s
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to inform estimations bDfokar $ hos

e forecasters.

Background

pies a |l arge portion of the Earth
resource, atisreveeure rhlazmeatdar ya nan er
iswmiotwy eared tasl bceodha r oofl on Earthoés r a
t on global and regional <cli mate
stitutes a | asrigxet madfurtaHe rgelseebravioir
stern United States with fresh wa
of f accumul ates in headwater <chan
ally or exhibit tewmporalOdynamics

al 2011). The timing of these

watershed connectivity (Campores

al ., 2015) . Loa sbhto,t hs nhounmapnr elsiefnet sa nad

ﬁ
D
-}

amely in the form of avalanc
n the past decade. Despite this t
zards exi sntd (JBaunhileesro ne,t 2a0l1.7,) ,2 Oaln4d,
rained by poor input data (Buhler
al ., 2012). Therefore, accurate m
oftl amatenmedehs, theadwater hydro
h of the Earthds snow cover exi st

of snow and snowmel t di fficult.
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are vyhivgahrli abl e in both space and time (Deems e
et al., 2016; Schweizer et al ., 2008)

Rapid advancements in remote sensing techn
physical snowpack p.r oSaetretlileist eo na nad bareoraida |Is cdaa tea
troves. Sensors cont i mwe steo rkadd ots , i mpPprad Vv ead Kin
etc., whil e deecrraenagsei ntge rirne sctorsita.l Lionnsgt r ument s s
prprogrammabl e routes for uncrewed aerial syst
with the burgeoning era of remote sensing in
ample new methodol ogies to make oipdamtal use o0

shortcomings and knéwredgamgaps &I RI sensesmasna

used t o onpatpg csan onw ofpa dfiours dlerccades ( Nolin and Doz
refl ectance i s sensitive t o avneo wb ene nc rdoesvt erluocp euo
regard, ranging in scale from | aboratserdy ((ee .gg
Mat zl and Schneebeli, 2006; Painter et al ., 2
Painter et al..,, 22001162);. Slehiidselc reutciaall opti cal sn
spectral al bedeparandsedusomapstobtl vaei abi mat g

in the techniqguesrhr @andi envaled scasepr ddulces dr amat

creating substagatnidalt hwrsc ed hbeidmtawyit smatde €s Ppur

this end utilize passive detectors which negl
bidirectional refl ectance ageqg metOrlyy,) .a severe
A similar problem exists when mappphgedydr

headwater channel s. Li ke snow properties, NI R
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bodies and wetted areas, | evegtaggrisn,g B99®d;w X f
Yet , this technique falls short when dense Ve
scarcely able to determine | and cover <charact
Meervel dt, 20199t Wedodwdtuemratehgynnenos are | ocat
vegetation, rendering such procedures inadequ
2007). The paucity of adequate remotely sense
aval anchengf carnedc arsotd el i ng. For instance, there
traditional snow optics and forecgastnm®rs,; desp

techniques exist to remotely map snow surface
(Bwehl et 4,alHo,r t200n1 and Fluamihesam,r e20 1 /h)oough moder
simulators are quite sophisticated, inputs ar
manual point measurements of snawakddi tobanak
means of remotely mapping snowpack properties
cryosphere science.

Underutilized instruments and spatial anal

snowpack mappi nugs e eocfh nliiqgguhets .DeTtheect i on and Rang

for example, has al most excl ursdsvell wt ibcere ns mesw ac
mapping (Deems et al., 2013). However, given
| i draksepnt s i tself as an i deal instrument for
extracopt ofnorofderl i neati on of snowmelt channel s
of avalanche dynamics models. A$tdansecvtiraé r e

advantages relative to passive remote sensing
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canopy cover. Further, when using |lidar, ther.:
account for, such asi omr ydmlgarstzemigttth arfglid,l ur
bet ween source and sensor, atmospheric condit
state of incident irradiance. -Addbtuonahl ¢]) eli
data protatt Sgaf Brgi Model , DSM) which can be
in incident and viewing zenith angles across
overl ooked as a remote sensing instrument in
ovieooked as a valwuable optical parameter. Tr ac
magnitude of NIR reflectance rather than | oca
only optical texture analysisoaoahdshbowattobedatue
used to delineate surface hoar, a prevalent a

The goal ofed ekt mese airsht pruse NIR | idar at
while integrating spati al and radiometric dat
snowpack pr opecrstuipepsl iaendd hseraodwwaetletr channel s (Fi
productsrami mstomahnhfons of Earthoés surface ene
and aval ancResdwirlkelt asgaenm sf.rom controll ed | abor
|l everagi ng UWwoinvtearnsai tSytéast eSubzer o Research Labor
|l idar dattheohatectald [ aboriantsotrryu noefn t Modn,tmaonuanétsa i\
and finally to public aeri al |l idar acquisitio
Stiastt i calarmarafl yrsreesd t o evaluate the accuracy a

products.



a Objective 1: Intercompare optical radius (r,,,) retrievals Research Question Intellectual Meritand
R — Rt SolegmndOop Sk Baciams Broader Impacts
Sos aanr " “ w o “ How much does
§.,s T 3 = \/\_\ \\_ accuracy suffer with IM: First comparison of r
§ I B | aiermem ] Jepe i) reduced spectral data? retrieval across models and
2o — e T ™ i P
goz I -v\’\“ < What radiative transfer BI: Improved climate modeling
\ oo ] gl [T model works best? and snowmelt timing estimatesj
/ Objective 2: Evaluate capability of lidar to map r,, Research Question Intellectual Merit and \
T | “"." = . : How can lidar be used Broader Impscts
§ ‘ 4 -‘1 + -.-"--”‘ “ = to create maps of r.,? IM: Novel laboratory validation
I 1] e : of r,, extraction from lidar.

. | T ki o e ' What is the accuracy of BI: Capability to use topographic
g‘ é y ‘ i “ 1= lidar-derived r correction and reduce albedo
\i SRS fln”” ! -~ U e A estimates? uncertainty in complex terrain /
f Objective 3: Locate surface hoar with NIR texture Research Question Intellectual Merit and \

p— . ¢ Broader Impacts

iy Moteraty Sk

How can reflectance texture

be used to classify surface IM: Original NIR texture analysis

for surface hoar classification

hoar?
: Bl: Ability to remotely map
: \ - R What reflectance signatures | future avalanche hazard layers
. are unique to surface hoar? | Prior to burial /
( Objective 4: Map and model a large glide avalanche Research Question Intellectual Merit and
= - - Broader Impacts
§ =5, | e How much can
= et avalanche models be IM: Innovative use of lidar for
improved by lidar? dynamics model initialization
BI: Increased avalanche model
What inputs can lidar accuracy to preserve human
augment? health and infrastructure. J
Research Question Intellectual Merit and \

Broader Impacts
IM: Unique lidar reflectance
phenomenon intrinsic of water
under canopy cover
e et ) BI: Capacity to remotely ma
Esbme e channel maps in occluded RES X A
0 Chaet headwater networks in
A=953% et Channel

N < 2w e | areas? : ;
K : s el challenging terrain j

How can lidar detect water
under canopy cover?

h

Density

WO Designaion What is the precision of wet

Figudemmary of project research questions and
indicate objectives revaltendcheo, sand altyed remleo giyc
respectivel y.

Objectives

The fofilowwjieogti ves will be accomplished to

proposal
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ectlinteerlccompare retrievals of optical grain
& and retrieval techniques, ranging from b
hods femrsacmatase r

Tasksimagt urally col lteltd eSRIsdPpse cd mewmmsa kaenrd, pr
samples with varyi mdgrmildrnoagt rfwoat prog emhii lad |
fact or s, -ashuscohr baisng iignmptur i ti es.

TasWe2form rigorous quantificationopof phys
density, and erragyi nCohmghluitte,d UM icmr®TodmMmbgr aphy
mi ca oy

TaskKcuire reflectance measurements using
| aboratory benchtop apparatus.

Taskhederage measured spectra using six dif
with four popul ar tradpraghd evtee it evaanlss efro rmoedaed
TaskEx®Bcute an accuracy assessmeemnti eavnad rtaedcih
compari sonotpad i datl e g iwidwmatt ®s r-€Tative to

measur ements.

] e2tDevneonstrate the novel c apfkarcam yNIoR rldfdlaec
surements across a range of incidence angl
eraging a controlled subzero | aboratory en

TasWPrbduce mnadi zdasmaew samples as with Obj
Tailcan samples at eight different 1inciden

Il i dar uni t .
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TaslCo3nput e rbeddedtanigemat eadobhtirve transf er
mul tiple model s.
TadlEval uate t he oarcecturriaecwaloss ddrdoass ri nci den
comparing to passive measurements from NIR

mi cCTo benchmar ks

TasiCrkate statistical mo doed st @ og rbeeitn esi zree,l
transfer models are inaccurate

e ci3tGrveeat e cl assified maps delineating the e
face structures on a pixelwise basis, | eve

TasiRepbeat TaskemlOlnelct2i ve 1 to create and
with a widedeédinedymotrweltbructures.
Taskcan each sample at a nadir geometry wi
hyperspectrexlamimaogegr direct amae di ffuse il
TaskPel3form a moving window analysis to con
NI'R reflectance magnitude to pixel wise mea
Tasktati stically analyze texture idriisdadali but
probability density functions, determine o
hoar from other surface microstructures.
Tasks®e: critical thresholds in a classifica

extent -poxed passesss tdieaauracy and uncertain:
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ecitUtvied i derlivedr snowpackemipa ftargd ogli de a
ianmazal anche dywsaemitdhhe madeld. model to predic
essary for the avalanche to reach roads an
TaslColl ect terrestriaall alrigekarg!| d alfea las/wad raamgihee
partneirtsihi pse w. S.eyGeol ogi cal Sur v

TaskKcquire meteorological data from aut oma
to investigate conditions | eading up to av
Tasks3ngdérnidwmed maps of snow depth and cha
visualizations of the avalanche and perfor
TaskiRedrreate the event in the avalanche dyna

and mass/ vol umrei t@a | icruil tait aloinzsatdi on.

TaskKfier tuning the model, incrementally i
determine the critical .scenari o necessary
e StGovmebi ne spatial and radiometrilRanmelas fr o
er dense vegetation cover using overlappin

Taskhokate studyspsattieasl wiesholhutgihon | i dar acoc¢c

continuous USGS stream gage data to determ

TaskQWwRanti fy the statistical significance o
headwater streams versus dry ground, part.
cover .

TaslCo3npute opti mal |l i dar refl ectamazmende¢lhs eis

vegetat ed, mountai nous environments using
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TaslGeher ate a Geographical I nformation Sys
occluded drainage networks and further seg
TaskKWsSess the accuracy of classified wet ¢

Nati onal Hydrography Dataset (NHD).
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Optical grain size retrieval: a laboratory comparison of radiative transfer

models, shape parameters, and techniques
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A b s t (Tlemneatinfrared (NIR) albedo of snow is controlled by optical snow grain sigg. (Fherefore,

characterizing the spatial and temporal variabilityopnat the snow surface is critical for understanding melt timing

and magnitude forwatevaa i | abi | i t vy, and Earthdés energy budget towar
have demonstrated estimates ffvia optical instruments that span scales from handtielites to satellites, they
leverage differing retrieval techniques, radiatirensfer models, and modeled snow grain shapes. Variation in these
factors cause tremendous uncertaintyjretrievals, yet a thorough comparison has yet to be conducted. To

address this knowledge gap, we conducted a laboratory bidirectional refeestady using NIR hyperspectral

imaging (NIRHSI) under direct zenith illumination and nadir observation. Towards enhapeedrieval accuracy,

we sought to determine 1) the optimal modeled snow grain shape, 2) Hpetfesning radiative transferodel,

and 3) variability associated with retrieval technigues, spanning broadband, narrowband, multispectral, and
hyperspectral approaches. Shape optimization proved to be vitaltarmlay between shape variables was key.
Regarding retrieval techniqudhg residual method performed best, although multispectral and-bisugte

retrievals were comparable to their hyperspectral counterparts at times, likely due to idealized laboratory conditions
and high instrument SNR. Following shapgtimization, the SMCAR and TARTES models produced the best

results (median absolute error of 15.67.4%, depending on technique), outperforming the AART model and the
model of Malinka (2014). Our results show that the appropriate combination of retrieval techniquieeradiadfer

model, and shape parameters are imperative for accyyatdrievals. As NIRHSI units and other NIR detectors

become more economical, and as their spatial and temporal resolution become more robust, the findings presented

here may providguidance for improved: (and thus snow albedo) mapping.
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llntroduction and background

Snow, the most reflective natur al surface on Eart h,
for climate and hydrology (Dumont al., 2021). Snow has a high (up to 90%) albedo, defined as the ratio of

reflected solar radiation at the snow surface to that of incoming solar radiation, a significant contributor to the
Earthds overall surface ene sgpnsitivietmbnammiaostrudturer anditlésr mor e
interaction is responsible for numerous climatic feedback loops (Flanner et al., 2012). In terms of hydrology, snow
albedo drives the timing and magnitude of snowmelt in mountainous regions which is imperathagef

forecasting (Marks and Dozier, 1992). Thus, accurate measurements and modeled estimates of snow albedo,
particularly with regards to spatiotemporal variation, are key to understanding future climate, melt rates, and water

availability.

The opticdproperties of ice are well understood (Perovich and Govoni, 1992; Picard et al., 2016; Warren
and Brandt, 2008; Warren, 1982,1984), which has led to the development of numerous snow radiative transfer
models used to predict the reflectance or albedo@vdhased on optical conditions and physical snowpack
parameters (Flanner and Zender, 2005; Kokhanovsky and Zege, 2004; Libois et al., 2013; Malinka, 2014; Malinka et
al., 2016; Stamnes et al., 1988). In the visible wavelengths, snow is highly reflantivalpedo is primarily driven
by impurities near the snow surface (Skiles et al., 2012, 2018). In thénfreaed (NIR) wavelengths ice is
absorptive and the primary driver of NIR albedo is the path length of ice, often characterized by the optical grai
size, expressed here as a radigs|n fact, optical grain size is the primary parameter controlling broadband albedo
of clean snow (Wiscombe and Warren, 1980). Therefore, characterizing the spatial and temporal variagitity in r
the snow surfacis critical for accurately estimating albedo from remote sensing instruments. By considering the
snowpack as a collection of identical, spherical ice particles (Grenfell and Warren, 1999) the optical grain size can
then be related to the physical snow magtructure through the ice surface per unit mass (Legagneux et al., 2002), or
specific surface area, SSA (Eqg. 1).

. o
| T p

2°Y"Yd

There is an inverse relationship between NIR albedo and optical grain size; as grain size increases, the
albedo decreases due to increased absorption. This relationship is the basis from which snow reflectance
measurements can be usedetrieve estimates oft A common practice is to simulate snow reflectance for a wide
range of g values using a radiative transfer model and to populate a lookup table that can then be used compared to
measured reflectance. Over the last several decades, numerous methods have been developed to relate modeled to
measured spectra that have leveragegdlsiband all the way to full hyperspectral retrieval methods. These efforts
range from in situ (e.g., Donahue et al., 2021, 2022b; Gallet et al., 2009; Gergely et al., 2014; Matzl and Schneebeli,
2006; Painter et al., 2007) to airborne platforms (e.gndbae et al., 2023; Nolin and Dozier, 2000; Seidel et al.,
2016; Skiles et al., 2023) to spaceborne sensors (e.g., Bair et al., 2020; Bohn et al., 2021; Painter et al., 2009, 2012).

ocC
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Although many studies have demonstrated success at estimgtitigesediffering methods can produce
disparate retrievals. This is a salient point, as incorrect ropt estimates can result in substantial differences in
predicted snow albedo, which can dramatically influence earth system and climate models (Raisanen et al., 2017
Robledano et al., 2023). To begin, the single band, combination of bands, or spectral features used to match
reflectance measurements to simulations (hereafter fr e
Depending on the instrument, lated data may be broadband, narrowband, multispectral, or hyperspectral. For
broadband platforms, only a simulated average reflectance over the sensor bandwidth can be evaluated, while
narrowband measurements ar e matWhanasing mdtispedira instrenerdspar 6 s ¢ e
normalized index, such as the Normalized Difference Grain Size Index, or NDGSI (Painter et al., 2012) is often
used. Hyperspectral sensors collect continuous spectral measurements and allow for a varietyabfeetméques,
such as measuring the depth or area of normalized ice absorption features (Clark and Roush, 1984; Nolin and

Dozier, 2000), or even bestatch fitting the entire spectrum, known as the residual method (Donahue et al., 2022).

In additionto differing retrieval techniques, there are several snow radiative transfer models that have been
developed to simulate spectra, and the variability between these models also plays a key role in retrieval uncertainty.
The longstanding benchmark are dtriamerical codes that solve the radiative transfer equations, such as the
DIScreteOrdinate Radiative Transfer model, or DISORT (Stamnes et al., 1988). However, for many practical
applications, faster and simpler approximations are often preferred.dtamde, the SNow, ICe, and Aerosol
Radiativei Adding-Doubling (SNICARAD) model (Flanner et al., 2021) is a frequently employeddiream
approximation, hence one that rapidly integrates across all viewing zenith and azimuth angles to produce albedo
estimates, that has demonstrated excellent agreement with DISORT (Dang et al., 2019). Despite being an albedo
model, SNICARI AD and others are frequently compared against measured bidirectional reflectapge for r
retrieval at nadir viewing angles, whereedib and reflectance are nearly identical (Dumont et al., 2010). The
Approximate Asymptotic Radiative Transfer (AART) snow model is a bidirectional reflectance simulation based on
an asymptotic approximation to the radiative transfer equation and geooptite (Kokhanovsky and Zege, 2004).
More recently, Malinka (2014) leveraged this asymptotic theory in a bidirectional reflectance model based on a
random binary mixture of two immiscible materials (air and ice), in which optical characteristics change in
stochastic manner between discrete values. Libois et al. (2013) combinedtastsyn and asymptotic
approximation scheme to create the Tstieam Analytical Radiative TransfEr in Snow (TARTES) albedo model

with advanced inclusion of snow grain shapeeateence.

Beyond theetrieval technique and radiative transfer model, another factor of relevance is the matter of
modeled snow grain shape. Modeled shape, and subsequently how the single scattering grain properties are
calculated, is perhaps the biggdsterence between the aforementioned models, and thus the greatest casse of r
retrieval uncertainty between models, and even within a given model. Historically, snow has been modeled as a
collection of spheres of equivalent size (Grenfell and Warr@®9)l and single scattering properties determined

from Mie calculations. This was originally true of SNICARAD, although the model has since been expanded to
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reflect the address the prevailing belief that the spherical assumption is an oversimplifiviilenSNICART AD

still calculates the single scattering albedo of snow using a spherical assumption and Mie calculations, the influence

of grain shape on scattering asymmetry (specifically the asymmetry paraghétarow considered via

parameterizatins from He et al. (2017). The grain shape can be varied based on the combination of two parameters;

the shape factofgf and aspect raticd]. Within the model there are four selectable combinations of these

parameters that represent idealized shapégrep, spheroids, hexagonal plates, and Koch snowflakes. The shape

factor is defined as thatio of the specifigrojectedareadefined effective diamet@f a nonspherical grain to that

of a spherical grain with the same volume, representing the effaonephericity (He et al., 2017). Altering the

combination ofs andA amounts to varying the value gf

The other models examined here (AART, Malinka 2014, and TARTES) leverage geometric optics to

calcul at e

singl e

scatter.i

ng

properties.

Bot h

AART

and a random mixture, respectively. The TARTES nhdumvever, is tunable, and accounts for the influence of

and

shape on both scattering asymmetry and absorption. Shapes in TARTES are also dependent on a two parameter

combination: the absorption enhancement parani@i@vhich is related to single scatteriatbedo), and the

asymmetry parameteg, When creating TARTES, Libois et al. (2013) called for a systemic determinatidaraf

g in both the field and laboratory using independent measurements of SSA. Although the topic of modeled shape has

received gre@r attention in recent years (e.g., He et al., 2017; Libois et al., 2013, 2014; Robledano et al., 2023),

additional experiments in a controlled laboratory environment would be beneficial to the snow optics community. In

summary, we note that model and phaelection result in profound differences in simulated spectra (Fig. 1), and

this, in conjunction with differing retrieval techniques, can all significantly introduce error and uncertainty:into r

retrievals (Fig. 2). Despite this variability, a thogbuintercomparison of retrieval techniques and models has yet to

be conducted.
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To address these uncertainties, we conducted a laboratory reflectance study te,aetesvals across
three factors: retrieval technique, radiative transfer model, and simulated snow grain shape. In an effort to provide
future B mapping efforts with additional guidance, we sought to address the following questions:

i.  Which retrieval tebhnique works best, and to what extent does hyperspectral data improve upon
multispectral, narrowband, and broadband retrieval alternatives?
ii. Which radiative transfer model works best?
iii. What combination of optical snow grain shape parameters is the mosiveffec
iv. How do retrieval technique, radiative transfer model, and simulated snow grain shape interplay
regarding §p retrieval accuracy?
Thus, we created snow samples across a wide range of grain habits and physical properties, each characterized using
microscopy and Xay computed microtomography (mie@T). We obtained optical data using NIR hyperspectral
imaging (NIRHSI), and determined subsequegptnetrievals using numerous retrieval techniques, radiative transfer
models, and shape parameter comldmat We analyzed resulting values statistically against refergqce r
measurements from mici©T. This represents one of few extensive datasets combining NIR bidirectional

reflectance measurements with mi€d characterization of snow microstructure.

2Met hodol ogy

We aimed to prepare laboratory snow samples with a wide variety oflefelled grain habits and microstructures,
acquire optical measurements, and use radiative transfer modeling to perform and intercgmeiaievals.

Section 2.1 desdryes snow sample preparation and physical characterization, Sect. 2.2 outlines the acquisition of
NIR-HSI data, Sect. 2.3 covers radiative transfer modeling, and Sect. 2.4 discusses retrieval techniques and
statistical analyses. The flowchart in Fig. 3stiates the entirety of our retrieval comparison process.
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The samples used here, and thus the methods for sample preparation and physical characterization, are identical to

those from Dillon et al. (2024a). Sample creation and characterization are briefly summarized here, but we refer the

reader to the aforemeatied publication for a full description.

2.

We

1.

1

ut i

Sampl e

zed

Mont ana

preparation

State Uni

ver si

The snow used in these experiments was a combination of labegatory w n

tyods

crystals

Subzero

Resear cl

produced in

snowmaking apparatus and natural undistd snow that we collected from the surrounding area. We kept all

samples in a cold room é80° C and allowed them to equilibrate for at least 24 hours prior to evaluation. We

prepared fortyone snow samples from twelve batches of differing snow griéins the bulk batches, we sieved

snow grains through various mesh sizes to further promote disparate microstructures (Table 1). The exception to this

was surface hoar, which we grew following the methods used by Stanton et al. (2016). Sample granclalaits i
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precipitationparticles(PP), decomposing and fragmented precipitation partfEle$, rounded grainfRG), melt
forms(MF), faceted crystal@~C), depth hoar (DH), and surface hoar (SH) (Fierz et al., 2U009)prepared snow

samples to be microstrturally homogeneous, both laterally across the sample and vertically over sample depth of

3.8cm.
Table 1: Physical snow sample characteristics organized
ardeda@ol ume rathAdmt edefeom.Dill on et al (2024a) .
Sample Batch P(gg}c:]ry Secondary Micro-CT Micro-CT ~ Micro-CT Sieve Size (mm) Notes
# ID Habit  Crain Habit(s) SSA(kgnm?)  rox( € m 4 ( K)g Passed Caught
1 A PP PPrm, DF 35.85 91.3 176 2.38 1.18
2 A PP PPrm, DF 31.60 103.5 217 2.38 -
3 A PP PPrm, DF 28.69 114.0 211 1.18 0.42
4 B PP PPgp 34.67 94.4 160 2.38 1.18
5 C PP DF 36.10 90.6 94 - - In situ fresh PP
6 C PP DF 22.40 146.1 286 2.38 1.18
7 C PP DF 22.30 146.7 280 0.85 0.42
8 C PP DF 21.94 149.1 275 2.38 -
9 C PP DF 20.05 163.1 303 1.18 0.85
10 D DF RG 29.92 109.3 293 2.38 1.18
11 D DF RG 28.19 116.1 323 0.85 0.42
12 D DF RG 27.38 1195 351 1.18 0.85
13 D DF RG 22.65 144 .4 365 2.38 -
14 E DF DFbk, RGwp 17.74 184.4 374 0.85 -
15 F DF PP 15.69 208.5 322 2.38 -
16 F DF PP 15.04 2175 312 2.38 1.18
17 F DF PP 14.89 219.8 309 1.18 0.85
18 F DF PP 14.17 230.9 382 0.85 -
19 G FC DH 16.00 204.5 407 1.18 0.42
20 G FC DH 12.34 265.0 448 2.38 1.18
21 G FC DH 11.19 292.4 417 6.3 3.35
22 G FC DH 10.96 298.5 472 6.3 -
23 G FC DH 10.76 304.0 404 3.35 2.38
24 H SH RG 15.83 206.6 213 6.3 - Resieved SH grains
25 H SH RG 11.80 277.3 65 - - In situ SH atop RGs
26 H SH RG 8.18 400.0 94 - - Smaller than S25
27 | RG DF 14.75 221.7 381 2.38 1.18
28 | RG DF 14.26 2294 419 1.18 0.85
29 | RG DF 13.93 234.9 431 2.38 -
30 | RG DF 13.56 2414 489 0.85 0.42
31 | RG DF 13.52 241.9 452 - - S29 melrefreeze
32 J RG DF 15.01 218.0 394 0.85 -
33 J RG DF 14.67 223.0 355 0.42 -
34 J RG DF 11.62 2814 460 1.18 -
35 K RG DF 12.14 269.5 404 1.18 0.85
36 K RG DF 11.82 276.8 428 0.85 0.42
37 L MF RG 541 604.8 582 2.38 0.42
38 L MF RG 4.02 813.0 545 6.3 -
39 L MF RG 341 958.5 512 3.15 2.38
40 L MF RG 3.14 1041.7 467 - - Refrozen in situ
41 L MF RG 2.58 1265.8 433 6.3 3.15
2.1.2 Physical characterization

by

We thoroughly characterized the physical properties of each sample, as summarized in Table 1. First, we performed

microscopy on representative grains from each batch prior to sieving (Fig. 4), and classified grain habits using a

crystal card and lens follgng Fierz et al. (2009). After sieving and sample preparation, we collected@iicdata

p
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from each sample using a Bruker SkyScan 1173 housedLif £ chamber within the SRL, generally following

the protocol outlined by Donahue et al. (2021). To pregamples, we used a cylindrical holder with 3 cm diameter

X 4 cm Il ength, which allowed for a voxel size of 14.5
achievable with the relatively large cylindrical miged sample holder used this study. The larger mictGT

sample holder was chosen to provide sufficient surface area for-tgajped samples (e.g., surface hoar) to be
encapsulated and transported to mi€&D for measurement. We intuitively note that this will result in neglror
mischaracterization of fine dendrites smaller than this size. Consequentially, it is possible that the SSA of samples
with a PP primary grain habit (particularly Samplés3) was underestimated by mie@Y . After scanning, we

performed thresholdg of greyscale images into ice and air phases by visual inspection (e.g., Fig. 4).

Reconstructions via the marching cubes method (Lorensen and Cline, 1987) allowed us to determine the volume and
surface area in 3D, which we used to calculate the SSAhasd,: via Eg. 1, and density of each sample. We used

these micreCT ropt Values as benchmarks for comparison to retrievals.

Primary: PP ‘ Primary: FC
Secondary: PP, DF Secondary: DH SE8

Primary: PP
Secondary: PPgp, DF

Primary: RG
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Primary: RG
Secondary: DF

Primary: RG
Secondary: DF

Secondary: PP 84 Secondary: RG Sample 38 (3
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Figure 4: Microscopy images of grains fr eOT ecascehe siinointsi aflr cbnat c
representative samples (right columns). I'n the microscopy i m
Originas$hegdlpep ICir yiois phielrleon et al (2024a)
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2.2 Hyperspectral i magi ng

We used &esonon IncPika NIR640 neaiinfrared hyperspectral imager to msqpow reflectance in the NIR
(www.resonon.com)Donahue et a{2021) provide a detailed descriptiontoh e i nstr ument . Briefl y.
spectr al resolution ranges f bamdsacoss3he NIR egiod frofn@A1n In]l. mmd me ¢
It constructs a 2Dmage containing the full spectrum in each pixel by collecting the image line bkitioan

commonly as a Apush broomd scanner. We used a Resonon |
beneath the sensor. For more details on the benchtop apparatus, see Donahue et al. (2022).

We positioned the hyperspectral imager above the lin@aslating stage that held the samples. The lens of
the imager is surrounded by a set of four halogen lamps that produce direct illumination (Fig. 5a). The halogen
lamps and lens of the imager are ata height@3d 47 c¢cm above tclively. Wenusedalarger f ac e,
Spectralon white diffuse reflectance panel to perform calibration, resulting in a reflectance factor (R) measured for
each band in every individual pixel of the imaghe spectralon panel is 30.5 x 30.5 cm, thus larger in both
dimensions than our optical ROI (Fig. 5b). We built a sample holder with the same external dimensions as our snow
sample holders, but specifically made to hold the spectralon panel, both centered on the ROI and at the same
distance from the illumination soww@s the snow surfaces. For each snow sample scan, we also conducted a
reference scan with the spectralon panel. This allowed for-pixpixel calibration of the entire optical ROI, thus
accounting for any heterogeneous illumination. We made theserredemeasurements for each samyle.

acquired all optical data immediately prior to mi€€d analysis at a constant temperaturel6f C.

(a) NIR-HSI Setup (b) Snow Sample
Side View Top View
[ |
A
Optical Micro-CT
NIR Image ROI 1
I
L~ AN |
Halogen - 3cm 1
Lamps 28 cm I 38.cm
I
47 cm 20 cm :
.
Snow Surface
+«———— Translation Stage 23 cm
Figure 5: Laboratory data coll ecti onr esecibckmmed teir@ st o RIDYy g8 r svp ¢ &
snow sample are illustrated in (b). Adapted from Dillon et a
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I nitial processing took place in Resononds propriet
performed in Rstudio. We began by truncating teflectance data from each dataset to a central refjinterest
(ROI) encapsulating the micit®T ROI (Fig. 5b), in an effort to reduce edge effects. ResultingMBRROIs
contained 224,000 pixels with a spatial resolution of 0.5 mm. Reflectancesmasge produced from 188 of the
336 available bands, ranging from 951403 nm, trimmed to reduce noise at the lower end of the imager spectral
range and to exclude regions where snow and ice are scarcely reflegtiveples of measured spectra are

pregented in Fig. 6.
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2.3 Radiative transfer modeling

To model snow reflectance, we utilized the four commonly used snow radiative transfer models described:in Sect
TARTES, SNICAR, AART, and the model of Malinka (2014). As discussed, TARTES and SNICAR each have two
tunable shape parameters which can dramatically vary the modeled spectra and subsequent grain size retrievals. To
further investigate the influence ofodeled snow grain shape, we produced numerous spectral libraries for both
TARTES and SNICAR using modulated combinations of shape parameters. For TARTES, we evaluated absorption
enhancement paramet&,values from 0.8 2.7 at increments of 0.1, andyasmetry factorg, values from 0.60

0.95 at increments of 0.025. These ranges spanned all reasonable values based on previous literature (e.g., Libois et
al., 2013, 2014; Robledano et al., 2023). Similarly, for SNICAR we varied the shape par&jrfeten 0.17 1.0 at

0.05 increments and Aspect Factdy from 0.1i 7.6 with steps of 0.5, again spanning all reasonable values (e.g.,

He et al., 2017) and nearly the full range selectable values in the model. Thus, in total we produced 300 spectral
libraries for TARTES and 304 for SNICAR, all at nadir, with each constituting a different combination of shape
parameters (Fig. 3). For AART and Malinka, where the modeled snow grain shape was fixed, we generated a single
table. All spectral libraries ranged fra®07 1400 nm at 1 nm resolution, and acrogsvaeluesof30 1 500 e m at

5 em increments.

2.4 Retrieval techniques

The goal of an optical grain size retrieval is to match a measured spectrum to a modeled spectrum and obtain the
guantitative property. flerefore, to begin, all NHRISI data were resampled from the native spectral resolution of

~2.5 nm to 1 nm resolution to match the modeled spectral libraries using spline interpolation. Next, we evaluated six
commonly used retrieval techniques (Fig. 7)ethhyperspectral, one multispectral, one using a single reflectance
value to emulate a narrowband retrieval, and one pskeraimband retrieval. Following Donahue et al. (2022), the
residual method (Fig. 7a) leverages the entire spectrum and minimizesithel between the measured and

modeled spectrums on a balogtband basis. Alternative hyperspectral approaches are to assess spectral features
related to the prominent ice absorption feature centered at 1030 nm. The scaled band, @€jpth7)), andscaled

band area, A(Fig. 7c), approaches evaluate the continremoved and normalized 1030 nm absorption feature

(Clark, 1984; Nolin and Dozier, 2000). Here, the absorption feature is defined as a range from 950 nm (fixed due to

the range of the NIFISI instrument) to the local maxima around 1100 nm.

For a multispectral retrieval we used the NDGSI (Fig. 7d), which quantifies the relative difference between
two reflectance values in the NIR range. For our single wavelength retrieval (Fig. 7e), wedseBd@ nm, a
relevant selection given its use in the IceCube (Zuanon and A2 Photonic Sensors, 2013) and DUFISSS (Gallet et al.,
2009) instruments. We also evaluated narrowband accuracy at 1064 nm for better comparison with NIR lidar in
future publicationgAppendix A). Last, to emulate a broadband retrieval, we calculated the average reflectance

across the entire measured spectrum (Fig. 7f).
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3 Resul ts

3.1 Shape parameter optimization
3.1.1 TARTES

Beginning with the TARTES spectral library, we calculated samplewise median values of retjigfee@ach
absorption enhancement/asymmeygj parameter combination. To visualize the influence of shape parameters,
we extracted the median absolute error (relative to ridra.p) across all samples for each technique and colored
the heat map in Fid by these error values. The optimal shape parameter combinations yielded median absolute
error values of 15.5 17.2%, varying slightly by retrieval technique, with hyp@nd multispectral techniques
generally outperforming narrevand broadband. Howey, the substantial dependence of median absolute error

values on shape parameters highlights the importance of selecting an optimal shape parameter combination.

We can see that, for a given technique, a variety of shape parameter combinations predonaélesarror
(i.e., yellow tiles). It appears that interplay between the two shape parameters is an important consideration, and thus
the best selection for one shape parameter depends on the value of the other (and, to a lesser extent, on the retrieval
technique). Within the heat maps, an interesting, yet predictable, pattern emerges in an inverse relationship between
B andg. As individual grains become more absorptive (via an increaBgdncurate results are still achieved by
reducing the extent tohich grains preferentially scatter forward, hence a decreageesulting in a larger portion
of the (unabsorbed) light escaping the snowpack. While our results fOp tieérieval technique are in good
agreement with Robledano et al. (2023), for nmesieval techniques our optimBIg combinations were closer to
the idealized shapes of hexagonal plates, cubes, cuboids, and fractals (discussed further in Sect. 4). Across all

retrieval techniques, the median optimal valueB ahdg were 1.7 and 0.775, respectively.
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3.1.2 SNICAR

We performed the same heat map optimization analysis on shape parameter combinatioGgk &i. 9). The

optimal shape parameter combinations yielded median absolute error valuesiot 16%, values very

comparable to TARTES. Again, significant shape dependence and patterns of optimal accuracy are apparent in the
heat maps. To reiteratekey point from Sect. 1, unlike TARTES where the effect of shape on both absorption and
asymmetry is considered, in SNICAR a spherical assumption is built into the single scattering albedo @nd thus
Therefore, altering the combination of shape fadtpand aspect ratid, is essentially akin to modulatirgg while

the value oB stays fixed at that of a sphere (hence 1.25; Fig. 8). However, as we can see in Fig. 8, even for
spherical values d8, there are corresponding valuegydhat fall withint he fstri peo of opti mal a
TARTES, and thus it is perhaps unsurprising that certain combinatid#8 o&n yield similar retrieval accuracy in
SNICAR. The optimal combination was often somewhere between the idealized shapes of spheress,spheroid
hexagonal plates and fractals (Fig. 9) as described by He et al. (2017). Across all retrieval techniques, the median

optimal values ofsandA were 0.95 and 2.1, respectively, essentially amounting to an elongated spheroid.
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We can further observe the importance of modeled snow grain shape by comparing samplewise retrievals
from SNCAR across the four prselected shapes using the residual method (Fig. 10). The modeled shape strongly
influences both overall error and variance, with optimized shape parameters (Fig. 10e) outperforming all pre
selected shapes. Even for the optimizeskecave can see that it is difficult to correctly retrieyefor different
measured grain habits (particularly SH, FC, and MF) simultaneously. As expected, some shape parameter
combinations fit observed grain habits better than others. Optimized parsfoeteach model/retrieval technique

are used hereafter in Sect. 3.2.
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3.2 Model and retrieval technique intercompari son

For a given radiative transfer model, we generally observed the most accurate results using retrieval techniques that
leverage the more spectral data, witbdest reductions associated with techniques using fewer spectral data,
demonstrated by the three techniques shown in Fig. 11. This is a predictable result, although it should be noted that
techniques using fewer spectral data, such as broadband andbaardowstill performed quite well using certain

models (e.g., TARTES and SNICAR in Fig. 11c and 11f). While this success is almost certainly due, in part, to our
idealized laboratory setup, it bodes well for applications without hyperspectral capac#traméant SNRs and

calibration techniques continue to improve. Across all retrieval techniques, a similar performance trend is apparent
between models: TARTES and SNICAR produced excellent and comparable results, followed by AART, and then
the model of Malka (2014). This result likely highlights the importance of shape optimization for a particular
application and/or retrieval technique (Sect. 3.1). In other words, tuning the single scattering/inherent optical
properties can be quite useful for boostinguaiacy. An example of using the residual method and an optimized
TARTES spectral library to create pixelwisg: maps for different samples is presented in Fig. 12, demonstrating

good agreement with mict6T measurements.
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Error metrics for the same three retrieval techniques are grouped by grain habit in Fig. 13. Much like the
SNICAR scatterplot in Fig. 10, Fig. 13 demonstrates the difficulty in simultaneously producing accurate retrievals
for a wide variety of snow grain habits. As with Fig. 11, we can see that TARTES and SNICAR, after shape
optimization, generally perform the beggrticularly with PP, DF, RG, and MF. Both AART and particularly the
model of Malinka (2014) demonstrated a tendency to consistently underestimate grain size across most grain habits.
All models struggled most with samples of a FC or SH primary grain, vettiith is perhaps sensible, as chord
lengths can vary dramatically in these crystals depending on the angle at which light interacts with the grain. More
intriguing is the inconsistent sign of the error. For samples with a FC primary grain habit, di metestimated

grain size, although the model of Malinka (2014) was quite accurate contrary to overall results. Meanwhile, SH
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samples were globally overestimated. While beyond the scope of this study, it would certainly be possible to
perform a similar radeled shape optimization (Sect. 3.1) towards enhancing results for a particular grain habit, if a
practitioner had prior knowledge or expectation of what conditions might be encountered. However, our goal here

was to optimize results across a wide ranfgenow microstructures.
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4 Discussion

4.1 Shape Optimization

Shape optimization analysis revealed that modeled snow grain shape has a substantial influence on the quality and
accuracy of grain size retrievals. For both TARTES and SNICAR, the optahads of shape parameters were

fairly constant across retrieval techniques, with similar patterns emerging (Fig. 8 and Fig. 9). Using SNICAR,
optimal values ofsranged from 0.85 1.00 M = 0.95), while aspect rati@\, values varying from unity by adtor
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of ~21 3 proved ideal (e.g., 0.6, 2.1, 2.6, 3.1). Thus, based on our results, the ideal modeled shape for SNICAR is a
somewhat flattened, elongated, asymmetrical spheroid. To the best of our knowledge, this is the first study to
examine the optimalanbination of SNICAR shape parameters.

In contrast to SNICAR, optimization of TARTES shape parameters, the absorption enhancement and
asymmetry parameteB@ndg, respectively), has received considerable attention in recent years. Libois et al. (2013)
suggestecp® O  pdy further narrowing to the TARTES default of 1.6 in Libois et al. (2014), as they note a
wide peak in their retrievel values from 1.4 1.8. The most recent and thorough work on the matter, conducted by
Robledano et al. (2023), suggesked 1.7andg= 0. 82, descri bing the ogti mal modeé
collection of convex partiatelofdhe asynmntetnyparametgryanemfeomthg € 6. Thi ¢
TARTES default of 0.86 via Meirolilautner and Lehning (2004) and from the suggested 0.75 value from
Kokhanovsky and Zege (2004); it also sits outside the range of @&F found in Libois et al. (2013\We observe
asymmetry parameter values on the lower end of these observations. Our optietalevals were achieved when
running TARTES withg = 0.750i 0.825 M = 0.775) depending on the retrieval technique, thus spanning the values
suggested by Kdianovsky and Zege (2004) and Robledano et al. (2023). Regarding the absorption enhancement
parameter, we observed optinBaValues ranging from 1.6 1.7 depending on the retrieval technique, with a median
value of 1.7, in agreement with Robledano et2023) as well as Libois et al. (2014).

For future modeling efforts, we reiterate our median optimal shape parameters as a potential starting point:
for SNICAR,fs=0.95 andA = 2.1; for TARTESB = 1.7 andy = 0.775. However, there seems to be more to the
story than single ideal values. We can observe in Fig. 8 and Fig. 9 that several combinations of shape parameters
(for both TARTES and SNICAR) can produce similarly favorableretrievals, and that theterplay between the
two variables is most important. Thus, our true recommendation is a similar optimization analysis for each
individual application, considering instrument, retrieval technique, etc. Additionally, although certain pairings at
extreme vales still produced reasonable retrievals (8g,2.7,g = 0.60), we caution that these are outside the
range of established values from most previous literature, and they may prove unreliable at differing illumination
and viewing geometries. Furthermoas, mentioned in Sect. 3.2, it is evident that some modeled grain shapes/shape
parameter combinations represent certain grain habits better than others (e.g., Fig. 10, Fig. 13). This finding suggests
that a dynamic approach might be useful, where modeled grain shape is assigned based on the grain habits that
researchers expect to encounter most during measurements, although a priori knowledge would be required for this

approach.

4.2 I ntercomparison

Though some disagreement between optical retseaadl micreCT measurements is to be expected, it is
imperative to understand how well such techniques compare todroeasurements. Such a comparison is
especially important considering that broader (airborne and spacehgrnmepping efforts areften validated by

local optical retrievals (rather than mie@¥). Considering previous work, Matzl and Schneebeli (2006) found an
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uncertainty of 15% between SSA estimates from NIR photography and stereological measurements. In Gergely et al.
(2014), gram size estimates from the Infrasnow integrating sphere demonstrated agreement within 25% relative to
micro-CT based on seven of ten samples. Gallet et al. (2009) were able to estimate SSA with error asdow as 10
12% using their DUFISS instrument and anpérical reflectance relationship. Donahue et al. (2021) used the scaled
band area retrieval technique and a hyperspectral imager tog@pa pepixel basis in a cold laboratory. When
comparing meany; retrievals to five micraCT measurements orsamihomogeneous sample, it was found that
micro-CT measurements were 23.9% larger on average. The seminal work of Nolin and Dozier (2000) reports an
excellent = 0.997 between measured and retrieygdrom an airborne platform, though it is difficuti compare

results because they do not specify which of their measured grain radii are from stereology versus hand lens. Many
of these studies used a spherical modeled grain shape, and theygpeypaderestimations similar to those found

here when usig SNICAR spheres (Fig. 10a, 10f), consistent with many papers discussing the limitations of a
spherical assumption (e.g., Kokhanovsky and Zege (2004), Libois et al. (2013), Malinka et al. (2014), Robledano et
al. (2023)).

Once optimized shape parametatues were applied, our results depended primarily on the radiative
transfer model used, and, to a lesser extent, on the retrieval technique (Fig. 11 and Fig. 13). As discussed in Sect.
3.2, the residual method was the most accurate hyperspectral reég@wafjue and often the best overall
performer, a sensible result considering the superior amount of spectral data leveraged. However, when using
TARTES and SNICAR, excellent results were still achieved with the multispectral, narrowband, and pseudo
broadand techniques (e.g., Fig. 11c and 11f). This is probably due to the consistent illumination source and
idealized laboratory condition; scaled absorption feature techniques were primarily introduced to limit uncertainty
from varying strength of illuminatin (Nolin and Dozier, 2000). However, this result is still encouraging for

broadband and multispectral applications as instrument SNRs and calibration methods continue to improve.

Regarding models, as mentioned earlier, TARTES and SNICAR performed theitlestedian absolute
error ranging from 15.6 17.4% depending on the retrieval technique, and median er®153f5.2%. Thus, our
Awinningo results are on par with or improved when com
with mapping/scalable capacity. The AART model followed, with median error values ranging frorh9780s,
and then the model of Malinka (2014), with median error of P248.2%.Though we did not go so far as to
hypothesize which models would have the nsosicess, this last result is perhaps surprising, as the novel approach
put forth by Malinka seems quite robust. Examining the question of modelled grain shape in terms of chord length
distribution is sensible, and the model has been validated by Maligka(2016),and in the more substantial
bidirectional reflectance evaluation of Dumont et al. (2021), albeit with only three snow samples spanning two grain
habits in the latter. More investigation on this topic is required, as Malinka (2023) poirt®ointstance, the
researcher demonstrates that dense packing in structures like snow, deemed only to influence light penetration depth
in traditional snow radiative transfer modeling, may also result in a reduction in reflectance and albedo that has not

been considered. Regardless, the efforts presented here constitute one of the most thorough comparisons between
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optical retrievals and micf€T data to date. Our success highlights the importance of considering model selection,

shape optimization, and redvial technique, as well as interactions between these factors.

5 Conclusions

Our research demonstrates a novel intercomparison between radiative transfer models, modeled snow grain shapes,

and retrieval techniques, towards mapping snow optical grainisiessence, we found that:

i. Shape parameter combinationdof 0.95A = 2.1 andB = 1.74 = 0.775 performed best for SNICAR and
TARTES, respectively. However, operatispecific shape optimization would be ideal.

ii. Regarding retrieval techniques, the hyperspectral residual method performed best. Multispectral,
narrowband, a n dval fethniques rodaiced accuracy tompamble to hyperspectral
techniques when using certain models, although this result should be viewed with caution given our
idealized laboratory setup.

iii. Concerning radiative transfer models, SNICAR and TARTES (afterestyaiiimization) generally
outperformed AART and the model of Malinka (2014), likely due largely to their prescribed shapes.

iv. In general, the appropriate combination of instrument, retrieval technique, and model/shape parameters is
imperative.

As NIR-HSI andother NIR detectors become more economical, and as their spatial and temporal resolution become
more robust, the findings presented here may provide guidance for enhgn@edithus snow albedo) mapping.
Extending the work presented here to field agiens will have immediate implications for Earth surface energy

balance estimates and subsequent impacts on climate, hydrological, and even avalanche forecasting.

6 Appendi x A

Results for the narrowband s alternative retrieval technique are presdrielow. Shape optimization results for
both TARTES and SNICAR are presented in Fig. Al, while overall and grainwiseiterror metrics are presented
in Fig. A2. Optimized parameters and accuracy for thesRetrieval technique were comparable to étiey

retrieval techniques presented in the main text. However, interestingly, the TARTES and SNICAR models
performed slightly worse at 1064 nm relative to all other retrieval techniques, while AART and the model of
Malinka (2014) demonstrated their bestuks. It is our hope that these results can eventually be used for

comparison with grain size retrievals from 1064 nm lidar.
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Abst.uTadet-nefarared (NI R) al bedo osfnosw ogw agsn d3ihceteaetfeodr eb,y t |
characterizing the spati alatvatriembdsrdowys wmfdade mporari tciha
measuring NIR reflectance ang,: swibtste guieqint ildw erreamg absed ivnesaetd s
sensor s. However, the accuracy of wusing l|idar in this |
knowl edge gap, we conducted a | aboratory r gfrlaegpmtianrgce s

usingonmnaladi adi ative transfer-onevenswosameptlesi ghesi dA¢ Iyc

microstructure, we collected reflectance data at eight
sSsubseguentrieval sChgbhémas k smi Reodri evals of the | argest M
underesti mated, which we hypothesize is due to a gain |
Upon excluding these samples, nadhe medal tecf wMalei rakdae q(u?2

producing median absolute error of 19.8%. As with passi
consider shape parameters proved crucial. Regarding ob
angdfes30A, but rapidly deteriorated thereafter with moc

|l arger angles. We demonstrate how this phenomenon can |
model to predifathcrefolneotfamecahAasIsader amelc o mes drmorce .econ
itself as a capable instrument for meagwumwirnd Nli Rnridfilca

advantages over passiveddredreaetmay .pimhwi dé,p@al indyatnpesefsem |

snow al bedo) mapping.
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1 I ntroduction and background

Snow occupies | arge portions of Earthés surface and i s
up to 90%), and thus snow cover plays a key role in Ea
varied snow smiccarno sptrroudcutcuer dr amatically different albedo
numerous feedback | oops (Flanner et al., 2012). Regard:
of snowmelt runoff, whid¢h nigs (iMap &rsatainde Dfoarn ewat a9 929 r. e«
data can even be used to aid in avalanche forecasting.
snow al bedo, particularly with regamdeser $dtoamsgiang afl utamrde |
melt rates, water availability, and natur al hazards.

Numerous snow radiative transfer models have been d
based on optical conditions. anBl phgeicahdsAewgdack D@0 a;
Zege, 2004; Libois et al., 2013; Malinka, 2014; Stamne:
properties of ice (e.g., Picard et al.,tBOeab6y Whrteghai
scattering to obtain scattering characteristics of one

them into the radiative transf erAcerqousast itohne ovri sainb |aep pwaovxe

i s Ihy grhef |l ecti ve, and albedo is primarily driven by i mg
contrast, ice i s marfe aakkedo r(NtliR)e wiarv etl reer griténarmr ange, and
al bedo i s tdhel eanvgetrha goef cihcoer i n the scattering medium. Th

by the optical grain sjgiz€heeeporesedhaeaet asi ai ngdi s
hpat the snow surface is critical for accurately esti ma
Warren, 1999), the optical grain size can be related t
unit mass ( L20g0a2g)n,e uoxr estpeacli.f,i ¢ surface ar ea, SSA (Egq. 1

. o
i PRy p

2°Y"Y0

I n summary, NI R al bedwo! lasmdl by ftl ket @amticiec @alr escowmtgr ai
exists an inverse relationship between the two: as gr ai
absorption. This relationship i ®memd sbaxains bfer amewhitoh r:
esti mapiesA scommon practice is to si mulvaaleuessnoms irneg |ae crtaad
transfer model, creating a |ibrary ter med ampidroeok.up t al
By matching the measured reflectance to the closest si
be retrieved, which can then be used to model albedo, |
met hodsermadev dleop ggh rtoon rmetarsiuvewal mefl ectance using diff
retrieval techniques, and instruments. These efforts r.
al ., 2009; Gergehy &thakebpe2d]l320M8t zPainter et al ., 2
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Donahue et al ., 2023; Nolin and Dozier, 2000; Seidel et
Bair et al., 2020; Bohn etHoalewv,er202heskRaiumtder tatki alg.s, h:

utilized passive detection as opposed to active remote

The use of Light Detection and Ranging (lidar) in t
spati al da+ & sodsntoiwo adre ptihghmappi ng ( Deems et al ., 2013).
an ideal instrument for measuringpitNLRdeaebB|l eptante ampde:
pulses of |ight and reaarkdcladtthe rtelde sri glnatli vad tetrr aredtl ke c

-

eturn intensity, as well as the targetédés range. Each ¢
return intensity, which can chad i damuvédarotned Tthai sg rl @ fdlae c tgeel
el evation and a radiometric data product. Many lidar ul
center (1030 nm) of a prominent ice absoedtien feature

retrievals (Nolin and Dozier, 2000).

Furthermore, as an active remote sensing system, |I|i
detectors, where often solar irradiance i smousttil i zed as
i mportantly, because |idar generates both reflectance |
el evation dat a, or Digital Terrain Model (DTM™M) , can be
determinemthatitomeamnd!| wi ewing zenith angles when encourt
mi ni mizes uncertainty. I n the absence of a-ccooinncciiddeenntt |
DTMs are availabl e, wshe cuhn ccearnt asiurbtsyt a(ni o nad H we ientc raela. , 20
lidar there are far fewer potentially confounding fact
clouds or atmosphere, solar zeamnd hsamgdbdre, dief fatseer adi a
polarization state of incident irradiance. When depl oy
atmospheric correction are much more ci ricounmviesntnadtl e pr
constrained by the avail-a#ahiskidtgrai nsgsnkzieghetrifevatsuhal
simpler workflow with reduced uncertainty relative to |
di sadvaotadesg omly measuring at a single wavelength, [

exceed those of passive detectors, and potential visual
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Passive Imaging Lidar

S =

Estimated Estimated Known, Equivalent
Viewing Nlumination ~ llumination and
Zenith Angle Zenith Angle Viewing Zenith Angles
Terralin
Shadowing
Consistent, Purely
Direct llumination
Source
Adjacency
Effects
e ——

Diffuse
lllumination
Contributions

rtrayal of chaéel&éngmspwbehnveviamageing
dar measurements.

gure 1: Schematic po
e simpler case of 1

To the best of our knowledge, the owdy cdnudyct ed day
Yang et al. (2017). Reflectancer o0dyetrem dadbya@ldoet dGe oasncdi ¢
El evati omasSalteMdriaged in conjunction with the Approxi ma
( AART; Kokhanovsky anpav &re gteh e 2001489 r tioc enapheaet s . However

agilability (i.e., ground truth) restricted the resear (
accuracy of wusing lidar in this manner has not been t hi
Il idar scamins ng uripgeesebi directional refl ectance scenar.i
is collimated, and thus it experiences |l ess |l oss due t
and results in Wwiaglkeé¢enigtthaoifanoeé eaestheColl i mation has
reflectance in optically rooaghl mmaeedaibl tmkeashow sel:
Additionally, |lidar beams &rne&hprcoddmiarsdatselwy tlhi nédar loyf t e
nature of solar illumination (Sassen, 2005). The scatt

scattering can have significant polari)zatlhast delpiechare ngrn

monostatic geometric condition on bidirectional refl ec
backscatter. This is beneficial in that it Iimits the I
bidctrional reflectance investigation. However, observat

radi ative transivar idad elds faore trhet cwaelel of direct backsc

case of bifdieceamnicenahaterequires careful examination.
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To address this knowledge gap, we conducted a | abor
adequat gprtaopopli nfgorusri ng traditional radi ati véd uttrugires frer i
mapping efforts with additional guidance, we sought to

v. How accurate are liddvased retrievals?

vi. Does the accuracy deteriorate with lidar illumination/viewing zenith angle?

vii. Which radiative transfer modphirs best with lidar reflectance?

viii. What combination of modeled snow grain shape parameters is the most effective with lidar, and does

this differ from previous literature using passive detection?
Thus, we created snow gamphedabictoesanad whgsicahgerofper
mi cr oscompyy anmampXut ed mi ciICdt)omigr aphwpai omdct odar refl ect e
and det er mi ngrde tsruibesveagluse ntsirng numesr awnsl sadipat pae atmedres f
combinations via a method akin to the intercomparison
statisticall yppremsiuretmerndf€df aroare nri cr o
2 Methodol ogy
We prepared | aborat drey rsamgve sdmpri es owittrhuca uwie s, acquir
| everaged radiative topreensrfiervamosde lSiencg itoon c2o mp adrees crr i bes
physical characterization, Seand Be2ztoul Bnevvehs aadui
modeling and statistical analyses.
2.1 Sample preparation and physical characterization
The samples used here, and thus the methods for sampl e
t hoseDiflrloom et al. (2024a). Sample creation and charact
reader to the aforementioned publication for a full de:
2.1.1 Sample preparation
We prepared samples in Montana State Universityds Subze
experiments was a combination of c¢crystals produced in
snow from the surelowerdb atgc neg £ aof Fdiofmf a wiomg smopw!| ¢grsaiblys,
sieving snow through various mesh sizes to further prol
surface hoar, which we grew f ol [(02wWilnég) .t hSea mpe teh ogdrsa i uns ehda
preci piatra{iRBye,s decomposing and f r(aDgme n treodi(nR@@dc igmiati tntsi o |
for(mMdF), facétF€Y,cdept bl 8oar (DH), and Tsourtélmdc eldotho@aur ( SF
ability, we produced samples to be microstructurally h¢
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Table 1: Physical snow sample characteristics organized by p
ardea@ol ume ratAdaptler éirmni 2D0i214Tab)a iét yaspher e
Samp Bat Prim Second Mi cCbB Mi ST Mi €D Sieve Si

o I D Grai Gra.'nSSA e CTopk L kgIm Pass Cau Notes

Habi Habit/ (®) < 9

1 A PP PPrm, 35.85 91.3 176 2.3 1.1¢

2 A PP PPrm, 31.60 103 217 2.3 -

3 A PP PPrm, 28.69 114. 211 1.1 0.4:

4 B PP PPgp 34.67 94.4 160 2.3 1.1¢

5 c PP DF 36.10 90.6 94 - - I'n situ f

6 c PP DF 22.40 146. 286 2.3 1.1¢

7 c PP DF 22.30 146. 280 0.8 0.4:

8 c PP DF 21.94 149. 275 2.3 -

9 C PP DF 20.05 163. 303 1.1 0.8¢

10 D DF RG 29.92 109. 293 2.3 1.1¢

11 D DF RG 28.19 116. 323 0.8 0.4:

12 D DF RG 27.38 119. 351 1.1 0.8¢

13 D DF RG 22.65 144, 365 2.3 -

14 E DF DFbk, | 17.74 184. 374 0.8 -

15 F DF PP 15.69 208. 322 2.3 -

16 F DF PP 15.04 217. 312 2.3 1.1¢

17 F DF PP 14.89 219. 309 1.1 0.8¢

18 F DF PP 14.17 230. 382 0.8 -

19 G FC DH 16.00 204. 407 1.1 0. 4:

20 G FC DH 12.34 265. 448 2.3 1.1¢

21 G FC DH 11.19 292. 417 6.3 3.3¢

22 G FC DH 10.96 298. 472 6.3 -

23 G FC DH 10.76 304. 404 3.3 2.3¢

24 H SH RG 15.83 206. 213 6.3 - Resi eved S

25 H SH RG 11.80 277. 65 - - I'n situ SI

26 H SH RG 8.18 400. 94 - - Smal ler t

27 [ RG DF 14.75 221. 381 2.3 1.1¢

28 [ RG DF 14.26 229. 419 1.1 0.8¢

29 [ RG DF 13.93 234. 431 2.3 -

30 [ RG DF 13.56 241. 489 0.8 0.4:

31 [ RG DF 13.52 241. 452 - - S29 -mefte

32 J RG DF 15.01 218. 394 0.8 -

33 J RG DF 14.67 223. 355 0. 4 -

34 J RG DF 11.62 281. 460 1.1 -

35 K RG DF 12.14 269. 404 1.1 0.8¢

36 K RG DF 11.82 276. 428 0.8 0.4:

37 L MF RG 5.41 604. 582 2.3 0.4:

38 L MF RG 4.02 813. 545 6.3 -

39 L MF RG 3.41 958. 512 3.1 2.3¢

40 L MF RG 3.14 1041 467 - - Refrozen

41 L M F R G 2.58 1265 433 6.3 3.1c¢
2.1.2 Physical characterization
To begin sample characterization, we first performed mi
sieving (Fig. 2), and visually classified grain habits
col |l ect@Td amsffaroon each sample generally following the pr
used a cyl-Cmdsampl emhotder with 3 c¢cm diameter x 4 cm |

em, the finest spati dale mnedaltutviedry dalmigev ol e ewi t Fhe san
for hamgeed samples (e.g., surface heCalr )f otro meea seaurr ceaneanu

note that this wild.l result insmeaelglectibanorhimé sshaeacTl
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possible that the SSA of samples wiih) aw®® pndemegt igma i
mi cCTo, andetdmuesstri mated. After-ssadeni mggeisri blioseseecadng
Fig. 2), and created 3D reconstructions via the marchi
us to determineg):thedS8Ancang oOBT/wmalhu sampdreve Mias obenct

comparrebni eval s.

Figure 2: Mi croscopy i mages of grains fr eOnT ecasceh® siinointsi aflr obmat c
representative samples (right columns). I'n the microscopy i m
Originas$hegdlpbep ICir yios phierleon et al (2024a).
















































































































































































































































































































































