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Chapter 1

|l nt roducti on

1. IIntroduction

Showovsmo sitort her n dluanagc avp asagdsr pnoalgf hsa r ol e
manyEaorft hosThheg spreensence of sinsowf aoan deérsn pfroorp e
natur al andammltihaeofHpwagaEindi-acd mes pher ei n rettnfeer g/t i on
cydlha ough al beamd enmhamm#&I@eihesnu l&a tRimmodwa 11s9 9 1)
highly refl ect itvoe istuarnfdaxcpee ospeefrttbhhebsgats ener gy b

anidn turn thgdredpgn&®dbmyss eadsn oant .a,| s200 1h8a)s

(7))

i §nceacnotl ogi cal i mplicgtliodhr®ORQPi osyp ¢ d ioesa iamdn d ratu

andscapes rely on the(poetenoe amfdakmagwml@do) h

snow priompea tdhango utldhdr c3aetmesetdeo sy eSS elm ender et a

N

0O23N)owal socrwdtieral be s oossetient er phetdpiat &rioaen

stawteéhin the &sado wiphascekaimmap lail ¢ aarn torsopogeinmc act

ndustries | i ke tahgarti cruelltyu roen apnrde steoBucreirsanm dt a enb u
201lFQrthemomereover has becomeclahkeglwy itnkde c\Warolrd
Met eor ol ogi c,ak he®x tgeBntioewa ¥ ¢alo eedd 4 | al mostasert ain
undasvar mi ng ( E&Kempdete 248I12.1) . hBlBaassgs micr easi ngly i mp
to characterize seasonal snow to understand h

continue to doThesent hebveeens pnboareseemmatghe ar ct i ¢



environment where tempealadarudiersg hroetagd otr eaampb

(Serreze & Barry, 2011)

Seasona&@lons mowart iefsioc avratt ley s taaragses rmeturafe st
Northern KHewmios ph &g é geer ee fd poppdtndetdontiong seasonal
condsftoeromi mhgutt ur e wat,andavai babifiosrt grlii anad cen taenx
The National Snoyatandnhel clen iDaetrbe ifGieynd@frs@alsomad o
Asnow t hat accumul|[aotre]s sdnuorwi mdhyot el assetabsed rmd ¢ e r
definition i s mor asapmplsitc stmloev Nor t hdeoensr ehepair s p |
| ast over( stahwehsduanrnieocuen ds hoenet sFraomd @ | laydreaglsg gi c ¢
perspecti ve,i npnbea tabafb otedt@ s onw 3t qsumooifiiteyat @e st or ¢
the snowpdrakseds now wat er Thawaitseaadbead i( SWEhe sno
rel eased back itrmhtrasutgdhvem esldirvpi arcot nsmetnhte wat er supp
c omi nsgo Ssnecawmeapt ed s miumdmtce wat eralshh ppdryt Hemrn neeé
Hemi spherAk Mbanwve tifbe war mi ng glpobali oml iorhatte et |
popul ation who rel y Bamniet tf.®h vatoliae a tr €2 106036t@ il mMdnto @ s
SWERroetonceamplfiocaviobns ng /vaavtaeir]l asbtidmidgeel ect r i
powgener ataigon c ul taunfdd |6 didrofuogcha t. Bp & ¢c nbhiocsael | vy, t
applicatiaccsrraeley spati ot efipanmranere etwhmdhes 2®f0 9
prove dtof prdoudebtteo a | ack of dBha tadt dlheameecrtss
stored in a seaeshalmasedwBy®NEkatanhlae¢et hme of p
accumul ati dh, (tia epr Apird ¢ e d oaw ®ielt (@Bonh riwtagt eArg u ad o

2001)



SWE stored cangbamthiwphdieght h mububdphige d gby
average verti,cadodeancuntyt epredtiimgtes bDbd bot h t
make i nformed deceis®illo msmaasboonud&hi ssanoenr aoinges whe
conssi der pot enftosrmd ws o0 @ p € ledsaatneda idl eanbséi gttyi ;nha¢tree S WE
exiasari ety of methods to directly measure sno\
measerabl it mugKibBomé&t omhh20d0éaé8&8@dndard vol ume
snacvwen be coMeliggthteedd sancdctat éaspotwg geeaasliltiwynl i mite
simanual obsdhweadimamesisiiynssgyewgbeampl es can be v
| abour stoarkee sa rmdoinys i ldemger t han.Ameastuksntyasabw d
recorded snow measur ements araen dh efaavri |fye wsekre wsendo
density dat(aStaiurrem eevtaiahablse& Otl®9 ar e many SWE a
Pulliai2@®@2Béctauasle ,0f these factors, the curren
snow density is | imin e mpd esp a rCoalgye gdiiedhtt reigh u tm
regarding the estimation béec&8WEehattrf bpmbaiefdn

avail abl ed eahoiutty snow

One aveenmnueae nfadWE ngr | sirsg et hsrcoaulgeh satellite ba
mi crowave r.actsée veemsicm @ wa\he bols evavmaattigoodd er i e
uni paeespfeert i me S WERDT Wer\ge r mor e rteseadrfahb li s r eq
capab(i$ahberis elthealp.r,evZald 2eh)oer enfo ws dew sdapt lcarri
passive memobeayerSIMENdGat e, pasean tvweavnd cr al |
al gorciotnhcmesr ni ng sneswowadepehbkt omadSeME twattuhr n
ancidnawydedwsitiiadcemet considered Iin théepgssive

Foster et al ., 1997; Jeyajrag natm, al2.0,162 0 Xl; eTe ta



Conveestl mantoews dosfasiet pynly weéh petbsi e@eedi cr owe
sensing ilnemmeot wanyesnug ad b thweslfeltldid®) GHz )
radiectnetest i mat e thsgnrooms midew sii i tykecafta o mm ~10cm of s
thraughf-paseédomosderledbd@ahetdi appr oacfhorwaws ed eivre | 0
parameterizing the effects of( soeveerHoyutnzg estn oaM
Naderpour et al ., 20170ppobwnaky&| INader o ual .
estimated the near surface bsynoiwnhhgte3gi tGHz(t op
pol arragdtaromimace bal ancke mod edpliomdétityy, nei t her
approacberumBow dwehniscrheyg wsi red f or. ebstt,iassppheaneg S WI
i sgapn t he cur r eonft puansdseirvset amidcirnogwa ver agwembt e s et

density

This research proposes a novel met hod to m
remot e Tsheen seifnfge.ct i ve grain size optimization p
Agencyds Gl obSaewc rail lged i it h wlaask arioad isetti @adl t.e,0 s2m00lwl
density rather than grain size. This approach
parameterize a microwave snowpack model so th
existing infrastructure.otlemttihil$ dvwgw,r otdlauéceeal g
estismhAt enow ndeanrseadsyr ehnoh oprsev.iveSliihdoayl d t he al g
prove effective, the estimates of snow densit
effective grevarsti zfeori smioontloywged amat ¢ | fdrisamg mat e ¢
this approachIWEeul chat mprbyeweoei dohgpdavaotuhbhh
avail abtl &t bsenwvoaw ,densiftryo ne sitnidndageensdreartti ons (i . e.

mi crowaueld provi doat dted It eI WE omea epxmolvatdeobetter



i nformati on rmomri theypdirindd@ay iitcdads ott herre hamey s o me
specidfiomn www edensiotny tehsetiirmaotwessn adkeonrs ietxya nepsitel,mat e
t his acpopuladsaddeari bou herd mbei CapadhbaneAt bbbe
are typicallThegrki mst addrthirteishall d¥we-i8cShD e ik enty e s
foraagd nlgeads to pampu|l ampoovedelksbiygndt asdofn ca

conserefdtoiMamt i neau et al ., 2022)

1.2 Go®dbjseamnidves

The goal of this reseandhliks stno wal atreenlsls itt rya ti
baspeads si ve mi cr o wsahvoeu | odb spearsvsaitvieonnsi.cr owave  emo
for monitoring snow density, estimates from t
the tempor al anaé nopva tdaetan Issioioaylr epsxr keivli iotuysol itnhakts er v

endis tworelsae nntose ¢ It @wd obser ve b,ultskwosmbdy ecdtd n syrietsy a

1.Det er miormehlainfges i n bl .&t.shloev cslhbetn sbidt gmvoen i)t or
bywatellite based pasgive microwave remote
2. Prdusg nogstiicmaaubk owf desncsailteyse ateélp enovti ousl y

observabl e.

1. T3SheStsucture

Thiedi s | sass tfroud dbuvarpetdevabdBecsk gr evngwsesn v e
mi crowave remot eatsewncse mgthoef snEeWHE.anTeht 51 6B based
passive microwave retrispabfsdmtt bkenosvt wdhyrarcd &
tundr a. bGChoaipt)ewr i3t t en i n t Ha estcy lhrdaetsif o rma lma,nusc

met hodaondgryesul ts of the experiment testing ¢t}



remote sensing for,smoonictaoariedgasi@wanttia ms Sthw nve
Density Estimat es forwan eS aRteenioltiet €S efassi snigv ea nMli CcAru
Stati on Meiasourbeemenubsnratpipe d ate j our nal after th
t he€hapter 4 concl uderse swafdircdw ingishmaey df sthes

t he br oadeanpganpdfiuctiagdieonmrsesearch on this topic



Chapter 2

Background

2.1 Passive Microwave Remote Sensing
Satellite based preennd ratt &aoepspionrgt gosaynsit fyeontso

snowpack ,prcapeglrattioe st h e il n nsatrrepdl insncgoapteu | cefs ¢ an

provide very detailed information about snow
di fficultspaocesc@adret domeasbppoard satellites offer
pot entdiaalkqgftioisn ttieornms of their spatial cover age

routi Mestelwvee rga mo untn dadhaadaedblaidtliesnri et dsep attoi a l resol |
of stehnesmmd poatrerequedberef arke aotvyaftdhsat ycah be

used to monitorf somws hémasgacitee ra ssttiimasse sl of S WE

_;
D

triirer@emmdceborne passive mii ©mrowasdvieeo nTea deiro nmeetaesru
ener gy bgmiatnt @dbj ect as briiag Ftumecsts otne nopf e rt ahteu rpen y
temperature and émnskeamMitithy spfa otwliee etrlgse gsob ur c e

of r alkeéegdgnnaitaure mil tbtyyehtlear, getat her t hawh iamrhi a cst ipwd ssee
of radsasuch, passive micr @wa\perrotnacreestaes usrd msgi n
radi ati on emitttas devbigtcht hsen oBEva rprhesent on its sur

Tb .



2. 1. AdoMiSnmePr i nci pl es

A number of theactbéhrmpteseshbheaseémiccr aWave remot
make it aptly s-scal Boespri maimd £m gdala&Wege sHil ryst |,
uninhi bited by,akdotwhpisy sd temecosaplveerrer at alomestunder
alwleat her dopdiatit sofs$s eque nwhyelodeeepre nfdreengqquency mi ¢
chanmaves at rneemasrgtameangpher,bhect whinglmevr fr eqaency ol
interact more witadntaei agPhobhpibevediniAbs aquUal i ty
is very appealing for cyrospherwhickseanchr be
northermnidasttudest het ddéirenct oferesmoteahdesnar hag
procedNeseare passi ve |Imincbhrypmewtalv@n g edpropl eavwiadddasr korfe s
as are ot hessumgds a5 vnd irssardeddeeBe ¢ @ pda,c edpaarsrsd v e
mi cr orwadsieomet er s 4 endeafliclayw ¢ maagne nefart he ,wNiotrt her n
i ncirmgbsser vaé g@meandy gheHoweua tt ,undietse spatial cov
at a omostroavmde radi e notagpset anesreeobhaese onf th
relative | ow ener gy hrFaodi aetxiaomp | eemi tptaesds i bvye trmhiecr
are not w&8WE settedvhabs in mount aiieasssecaatad
with the commlitdantdercroairespwamdi wgt hrani aheonsl a
| arge obser¢&8mibh &oBoopkhiahed | aLOD@) wavel engt
of micr owacvagnemad lea tasgi wpaMkst ot herl ismintseed tt g
surface interact,i osnos onn é&yh arheet ssinloew pfexrigddtigscer r
Li DALIRRems et. aOn ,tROpBHhRe by amMmdbvaavesgh t he
snow@ddsloawrnf er ences tiot sb e cnoteegrensan bfpbaarémi t t i ng SW

retr.iFewnalldy, the spaceborne pass~H4aeeamiscrionwawv en



al | ofwsanm gel syfs r e | atteirvme tlroemngds i n Nort iamnmneklHe @il sp

201 3; Goodi son & Wal ker., 1993; Pulliainen et :

During early paxpei yvieoeonitsse o wiameesgact ecd ,di f f e
in Tb over snowodc\wee v tperseasaethecse wefr esnow and it
were proposed t o ieoxbpsleainme sitsh®/ iateywf § em entc eas!| ., 1 ¢
al ., . SuDBEE)qugernetalty ,efaf oun deast poudi ngadibhei tbat ent
sow propebdemwsedasviagiregteurges Chang et al ., 1979;
Hofer & M2.Chhag, elbDdépnt (TH®BB@N) egiiddypebkbaf{i onship
bet ween a high freqgu&nhc@slsigaittieve ngocthlmaeanadc (!
SWE, and a | ow frequiede®y Giladkgmosnd yclhanmnmelde
snowpatk account for the effects of nmdtchreorwave
approacihreg di fferentr cwambeée rmelvaopred gadf ndgue . g .
pol arized bright@Gesdi 4 emp& r Wautuhg@ebme 81h%5 )h a s
become t hneo sbtiarsri esntf oS WE eqE lamipe \dalc do.§ clarh etelr i ng
channel i smiattewawaé eidn tighrea cstnjoowpsaicvké t hihe backgrt
chanmelmostly unaffected bygnt dxursdeowhpimerkg so t o
conditiThhms, it ciamchbegsSms eir mreaeb WEhsadcl ctuimeoofd at i o
uncertaintwieshhersofcaattiegds campareacdgcede rel ati:
absolute)l tTh svalmpeogstant tenewpacki pedbpeptar ame

mi cr owave i natkeer aucstepl lmmp ntth@cm f or esti mating SW

2.1. 2 MiEaomi cswhowlez | | i ng
Mi crowave radiati 68, |l amdtwieldlf diget dvrea Etar wiht |

snowgaocldi ffedemen ciixvwsgprnip @y sp rcoap eAtt iheisg.her fr equ



(i .e. ,3phea)yy interaction bed wbmywmackowave
through voluearrsg ad ttBeeaylidmygS &EB 82 ¢ c u muv @lt umen, t he
scattering deygpsornscaapgecdkger ned by di fferences in
mi cr ostangtct atregsm@Wwygr ai n | ggeycemdrtregyp @ehédi v gl y

1987; Mar kudédset aksul 20OtOh6en oswapneec kasc cwintuhl at i on o
di fferent phcyagnr o adu cfefr eorpeerrts i ngincaltbugveegse or e, pri or
knowl edrgeewoadiitni aganhse dclkesnernvd meawf f leey observed

essenits all stteattcheanit m g b u tsi poenf sotf en SOMEh er physi cal |

Annder standing of tbheet weheyns intiaclr oiwhataeer a aatslii oant
me dp rae $ @endtbhseer saé nesfalrl dlmose process to be sin
thhough physi caPhlyysl lipaasmald enosl edtst empt t oesi mul at
within, s&aopptosmd t o tehnapd eaincead d nfordcerh sobser vat i
based microwave modelling concernssimealase of
mi crowave wintthe rabcdiienlsevant nseadwhhgntoperctdi d or |
the RTM and arameptressrti betdheasmpadel to produce
emi ssions. The synthetic aarc rtodtwamnvped rsel dg ntaot usraet e
observations to draw inferendeas tdaabsutwagnowheo

be usedetosnowpackvproperties Itmramngihnvenvsee smo

]

approlalchttheem rel evant parameters are prescribec
and an optimi zatdmnt lpato owraruinhabbeiagd @ Ifeift @deeemc e b
synt heti c mincd ooMasveerTvheed S ®il desbnspssiarves

mi crowave observations is the most | ikely rep
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Given the challenges in parameterhizneng phy
|l earning approaches have been employed to ret
wibh in |ieu of phyvaicdalnley | leag eodt regpudnarideiltriged & ¢
|l evel of praisophlyssmmdddébdegceause of t hei rl iarbadri ty
rel at iion s pps owi n gp & roarmeatprsiiozadgetlsieom et.l al a, vedgo
general way, imaecrhatpipdshleyae mangtcal a moaete |l ¢f tr air

whi laengadhng a set ©d alilngpuetr ppaadtaameetiberss i fy t he be

to a compl &dnlsket emandard model parameters, h
machine | earning i mplementati onFarndt tiasnnrod a neer
machine | earning models are typically seen as

certain decisionshaere made bepemhsomedsluccEsse

l earni ng i sopfl epnaesmsto avteivam S&VHautet e i nteresting a
machine | earning approaches that( e.rge. cKoimpg eente
2020; Xue et al . ,. ZI0slg8ne regpmgtaedc hels. pr2G2h)t an

exploit the emerging benefits of mackiaeniaegr

physical |l y boafs egde okpnhoywsiiecdagl & es ynsot deents

2. SnBM ectromRagmetritd es

| ti mportant to understand the effects of the
obser uat ipogrop e@rhRey M u teh Intelxe ,t bleeanpstee rMe di a Radi at i
Transfer mddaglerfear smwhihig Pk < a(f BMRiTts auls.e,d 2t001 3)
simul ate mics owWwayv sruelhe ¢ dam@ens nowmDavtRkML@aa ra met er

di scbesetdheirstegnt miebu cwiagnresptr orddiceth the RTM

11



Snow Depth

Snow dtelpe hmostl ywbmgasobowe @i Dipenmitfyi cantl y i mpa
mi crowave i hhberpashbwpadkpbhh of a snowpack i s
number of graing Kien | tyhlewdes®p gry 6snwtdondi ti ons
possnubnmibeer of i bheradt vodamdv exlioiwb igtr ag rnesat er v
scat tOnr iomehhbhhdw, sdry snow is essentially tra
i n aummnni BUON omh of i s general l yspracebiorende t o d
mi ¢ r oovmsseerovhdsita | | etCaonv.er s2e010y2,) t here i s al so a
snow depth from passibvecawessriowdveaet obsefvami bh
sur fwaicheé tranbmougmmadwmacdle ¢ ppenlx hi gresatar vol ume
scattrespodhpmpesi ti ve c orqgrlddn®WEo0 h ol eltswaiggn t o a t h
(gener al | yt oc obnes i ~dlb5et0dmien) ¢ o n © £ mMb sswir 0 Msnwgiatth t he
snowpaek t ake urhdesrel yoffagaehsdl BS W WE r el ati onshi p in
(Saberi elthiasl .e,f f2c20)i s call ed saturh@0 ooomand

f arh3e7 @Hza dregple nddatniperoperti es ¢Ket hg showpack2C(

EffeGtave Size

The composition of snow microstructure 1is
Spheres moeavd( Lowe DRMRPIi,c avthce,r e2 @ h%®) s(i ze. ofranow
radiasgxpressed as Miher @wrdbteerta ovter egarsaei nwistihz ee.f f
grai mldioawd ,ng forvanoseatctbysnbdbgmpagkh | arger gr ai
Eff emtoiwgrsain size has a | arge influence on t
model s can precavi da tweaitrthpeadbiafsfedde b nga  iCh@asnigz et

al ., 1982; PuThisinnessuel2tWdeéh parameterizing a

12



gr asileet i mat es iamr esalmprhii tneg@d Mrteld ohtocdhs ah d achtr ¢ A0 1 6
available at the scal ed umed dqeerfmioacetf,iove ugreaiim 4gi
model |l ingsteom ah@ptsiamel agedimmsd s inmdteth e f i el

t hroughbxams tfiadtuicchn measur em@ghRos Bhesawvacaasnab| egr
bereated as ai n umnhimagRpMrhaemeGleord Smakw | metehodl . ,
whegreai hnssiop@i miened he snow depth @aeaasserdoft

static )paAbmetaeansively, empirical relationshi

in granuoi mulzaeatse clhowritbut mbght ocbamgbeeunsagnt he

(e. g. Kelly et al., 2003, 20109)
| n DIMRTére i s a second par amea ledrteicdcsksioncei sast.e ¢
Sti ckimeshs tiindardyess, unmeasurabl e parameter wh

individual grainssacdbhomglkagmpaoa@Enrirtcd ewi@gkeest er
than indigandubhdhpeasgasteofll nghef@hicavemd et al .
Similar to effective grain size, the stickine
(e. g. Lar udl dteralantginnZ2oik®ys as moded nirtegl e ment ed
i n DMRfTaoegtalhe effectheacfaustairbKitmdaeiyt snat ure of

paramet.eri zati on

Snow Density

Snow density has a somewhaML cOoeaempght uiti
greasbémsmat wert hsnmmowagwa ek i ncreasiwigt ld eSWVsEC)t g agi n
but instead fiotr ifsr atchte oonpap otswidtileu déeilesdi PAyB 0-% (i . e
Dess Medi as ptahresoerlyy, di stri buted gr ai ntshasd mor e

packed closdensed®Rettma di ptaala,spgans8¢r snowpa

13



more vol umehasrcdadnsdanri maanael egy of o me te Botoeft tserra w g

densiamy be made wi t hiwfhii bcenr gplraosvs dierss u lhaet ibcerst 1 n
when packientc alvadlded ¢s i nsul at i veéa nefufliadeiinesnecl iy swh e
packed i n tTe aheyispeawer sed for snow densitie

racatndoh smatterewgt hndegasnthyt t,h rbeeschaoulsde of ho
now microstrud¢tnumbDeRITs (repréeésamif @adadosgaser € s

0 s pHaetrese above 50%WPvobhumeefrideweéewvd@mN,l13t)he d:
easonal snow is typicédBStvurmekepwad O & 04 10he c f

now daebnosviet ys hat dabfgel yginnortehde model

Thei vdeenscri ptiparamsddmsit aNMRBML | mpl ement at
as used ,imd bSkta pctipcarm e3smertaarrgeef ftehcet of svrod wi ntke n s i

catti(®iicadd, e2013)

now Temperatur e

Snow temperatur eaf e¢r e méphateiraemettdeD-MRAe ¢ o es e
it does not signi fviod asnaeal tyt e rm magodtve mp sir eodwdajves | s
onsiidne rtehde RT Me ntios seisotnismaotrei gi nBhi :1gsour ¢ éheofsn
mi sfsi om t hei snompackant when consi de(ii.ng. hi gl
7 GiHrz )d e e pauret e mowf f ect.s Uonfd esra ttuhroastei ccroondi ti on
ont r sfbruotm osnko wpnds s s pdams of volume scattering
increase with (SSMEb earcic uentu laalt.i,onZlb & 7 eff [Benejwm et a
empepatamet e mp oarctcaunrtat e Inygh e sd ii fmfae rnei nctr oswoauvrec e s

mi sdiocms astod wirdeet t erfi mgmst gemads nowpack.

14



2.2t ate of KThuonwd read gSen oow

Il n the atbeuncdrraeghiiooome i s charactesihoed by
veget dtaicrkeneosf, tand | ow preci pi t aStiroonn g( Teerrcatsinta ew
redistribute most snowmolvamngi snuecgdpodi tded ismotw
(Pomeroy €eVegelati b899p) ays a | ar ge&SWEbM er itnhd he
t unhy aapspn cawpr e v atghtee di st ri but i o(nStour ns neotw ably. ,wi
As a redpuwlutndrtaheewi t bnimemi t sdtypgetadat icov)er ed
veneer of rel awimbs it hdedhmd & mveldo wow avwdmw ght i n
| argecausdd sby f eat u(rBeesn soonn t& eS tlTannaoks cla®p9e8 ¢ r s n
(hereafter referred to simply ad tloersedrtde nssneo w)
wi ppdacked sl ab | aween sbivieyr H yh @egr tah ay ed rhiefrt sh amaln
benanyi mes deepdrhetdmard camdedsesedinlewiptolthentdi al
t he ma|SOMEietpyo soift ed odespetkbanBenmd pe alr(aMalrvsehlxy e 1
& Pomer oYyl t i ;mard ed ymehevagyesmposi ti on of tundra s

owgnt ont sBeviurahmeonntrol s

22.1 Tempor al Evol ubensi by Tundra Snow

The tgwpolcafii obhmBkhaw densiitsy doevsed®rt itihi emie &b y
Hol mgren @&@898pl | ows. New snow at the beginni
first deposimedh amidcnapsd cgf weidc kblyy Thedmat iath € s
compaction is dictataend btyhd ocltadr ava tnar ipsttit e rat r
tundra result in relative high snow densities
Then, the snow gradually daessitiesdevgneshaet

I n summaurydra snow i s quitead(einnsced maptabcytheedh b e gi

15



wi nadnd shoul d exhibitioobskkvdéensetyl aoaceuvuat her

Wi nter. season

Snow deposiunedai haklesi ntiomet teo cdhdaaedeatper i st i
snowpack ogndemplt hni mdplawolpady es| @b snow i s qui ckl
t he mechanwicmd rmowicreg odcreq Lo |l thlree,kpmdab BGYr f ac
densely packed wind sl absdawyeaf tomr tihtes tiompi toif al
(Benss ot ur m, Wh%#9h3e)a i e we hl ahyosarrt he result of str
gradients wi tdhuien ttoh & oswn cawpcatcikc air temperatur e
sngqwol beckKhat982mperatur €e ogpwvadit enutr rtpradndsypdoarst ha
mass (in the form of water v(aSptouurrn) & rBoemm sloonwe rl
The stratiegsaphwypaatk tcan breefcroengpivd emieeat & ywanted
(originating in thewitpodpr c calyaetres dodwn haen d naocwcpuansu
boundar ydibsettiwecetn snow | ayer st amfdafae@ssi i&c &/oo u s
198Addi titohseat Ay i unpbpmpi eemeveadve depostopdof
t heexi sti ngr esennwiwmpacgplmeweavriitnhg svraaw oauts st ages of
met amo rTphhuissmt ce mpeset alon of tundratsnowary (gL

through | ocal weather patterns.

22. 2 Spatial TVvadSmdw | Ddrnys iotfy

As menti onleceurreefndar auunder st andi ngi mfsistnbow de
sampling. Thiesting dals prescgeadldisypgtti mé variabil ity
dendietcy utshhee b €r o g e n o uosf dsiasnmprliibnuge M eonc ama roen ss o i n
tundra environment wheesp8WEsébhmpbpapgt hecat Ca

(Brown etWoaol .& Malrils9h)u §ib® @dv8 s tsomaalgle boafsi ns i n th

16



arctic samawfdamtdh t o much more variabl e than
(e.g. hilltopscosatkibtippes e viad siedy si/ @ mednattyg) cernv a n t

i mery s malnl tbhaes ianbss.enrf e noaft i on, the spatial val
beli eved t o benqgdudiatreg(@d o iemanth eastoir ee so ;t han snow
Fassnacht et-Malteno26tOallL; p2a@13; .Sedkssone & F
assumption of the relative cotnserbetgeaeaeesasi a

geographtgypacabhbgs hepmesenvatieensoft yawaimpd kelsg

More recent efforts have attempted to char
propdrtnieeof whi cthhiheugqly @axtnesn g iDee kfsieaml ®etc armp a
were the firstsctad evgarethbif vatts lazrgess t he Canad
(over asprmansagt Nort hwestt drea lt yJnsegardiiesst rti oo uM u noanv
tundmwaasna scal e not Trree witawuwsyl ywaex pludbrseedquent |
sampl ed Ifersanénmre | sl and, NunavuH gAmncelalre rEBusreenk ae)t
al . ,. 2DddR g&iDfLdynd snow density to ke cdavenl y

and normally distributed i n tthhee aghuibgehr ct dcsphd

more spatial variabilitwHanmahai eftfolaeds (RS I
comparabl e spatial di stributions of snow dens
Arcti c.

The results of (ecent DeEr&bdncampaigns2014,;
seem to céadgesgpaliyw@lesinfoor Mdensity esti mates
estimat(i Dagr ISMEN et Salcinf Al @& kagpgey anot be wel | s
for arkitglkk setting where snow d®ngdihtey mesann ovio u

be repr ée&lhe st atrigwenent can be taken a step furt

17



becauwsoes e safmeursd utdhesmaj ototsho@ofedt umdt eSWENM
buthe slparboviadyeessr a negl i gi blveolcwmea trff Smuitm gnnet o
al .,. 1P®B§f erences in wind slab densedybyland i
passive microwave model s i bncpemsnithtaegd Bebwene sc
densityiasthmat @® doouled viimprnaneentSWE esti mat es

mi crowave oOobservations.

22 . Tundra Snow in a Pagsive Microwave Cont ex
I n a remstiehsastithgdCanagdasasai ve microwave

provides the oppwowrhuairée¢gstonmwammBibredgihen

application of remetai$endsirmgobesefoift $ hfer ¢ m mg
t hat falrl owcreasgeopbysidahcenodel! | i ng. Under st
conditions is essential f ovratiimtner prne ttihneg tpuansdsr
signieffifcoaantt has gone into incorporating the un
passive microwaev.eg.SWEe rmoesdkel et al ., 2006, 2010
et al., 2022; ®Rekestemnlal.2020)10; Varg

Passive microwave observati ongl boft htaundraa no
be explained by snow depth ,alionn ec.o nfpuanrdirsao ns nwoiw
bi omest, eahs bri 6 sgyc avtotl aurmetypi cas poke@emushowpack
Thusexcepted mi ccraonwavee astitgn abtusreed twhitdhle prese
greatly increases vol (hal bcafl®987 | nghwr mhen ah
characteristicgilo@grcgleppbspthgasrel gnagmcskadr i but e
very strong mi crotwaoreg e rmtatrtaen u otni amdof t he s

i ncreased voMarmsec esncta twaeirki fitga £ e da tthweoys en® evgh afc & r
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foori crowave npodeld has dhaxruetuwesvpma howesw ofhor use
modélSaberi et .HInigsw 2ddntsh alBrzelgtewo snowpack mode
desitrabad@dequattehley croenpprtoassiaimta ag adgwe imi SMWEkEwav e

ret rcioenvtad x t .

23l ncoaraga ng Snow Density into Microwave Mo
2. Snbw Degsirr dincr owave Model ling
There is a |l ot that is stildl unknown about

Typicashogw demareyorbyi mabel abl ei f rs;ampd easr, s esloy

there is |little known about the spatial vari a
tundra environmentsarmmpmlrien@cice ssedtori cted, so f
sampl es are available theretbtemganedatl ocomipers i
snow is well documented, &artods stshhhi sd dkmeownr ealy
gap about snow density intredadesngcaoempaitdard aldl

density, eatitmlae escal es necessaaysifog mMost owwa N

estimates to be spatially wuniform.

Snow density has generally been overl ooked
model s badaakses pafti atoi pdoamat epiEae | yemodeVvV sl |
a s patnidaltleypporsdlaint ssow dempromi se for comput
(e.g. 3M0 tke/ mrigi n€haGlgaeg,ambdgpy il®BmM)ent
a gorithms still(ehogl.d 2t4m0ac ga/lsnSuopjtWdnet al ., 2
The use of a constant snowntdethd udweri ens tnmi noa toiwaar
SWE in the early seaso(nL wmmjdu u neRerglsatgiengzdlidriogn olf

passive BWET'r esarvestartweiselfdonst ant density) with

19



esti maheelsp ctam reduces(Véaatl syseemddtwal-dj a2pPpQ@49
processing of SWE estimates onlyermpact $r bime
assuming a constant snow density i n( Mohret inmecrr o

et al., 2022)

Kel lly. @s$ . par(2t0Dt3y) e aAMBS®R i t hm was one of the
dynamic snow density estimates into the passi
simple densiTfthieu a €t ieAsMSENeIWE . a I( Ked il tyhmwemt ., 20
step further by incorporatiendg@a®rMdy dendintty oadw
di stribut esdn ocevs td emmbhSesly aiferfi roo efehsobs e t wo al gor i tli
the only such identiéfifeectt oofexphowideétrysictoysi m
mi crowave retrieval precekbak@e x et .urRde cnegn teleyd, B a h
there hasobeéentaotdocmewy degmaimiy esti mates int.

SWE al g,o0rdpednibfeirceaplelayn Sppac &nAgue€é¢y mat e Change

(Mortimer et al ., 2MHD2e awerni2den tniefni eddh ean . s, e c2tOi;
avail able sources Boe bhomwtddnantdyt hetlt nmanhese
sigampling which is not feasible for very | arc

23 . A ail able Snow Density Model s
There are | imited options to consider for

necessary for passive miermwatvepnmremaltents emay N

snow density is through physical snowpack mod
reanalysis of meteorological data to esti mate
once it 1is depaocski tmeodd.e | Tsh ecsaen sbneowpncl uded i n | a

sumhodel s (eHegr sEXRAB aentd aMER RGARI0OXZ09 ¢t oal as 2017

20



tandal one comprehe(8rve moamd sSNAQWHBR2AOKER O ¢ U &

Lehning, Sae@®2)y eanal ysi s modedescehsatviemabteeesn osfh oS
on | argMostcalmes .et Holweyve202®@hese model s rely
met eorol ogi cal data, and wuncer tradwmgh etsh e ne rnroodr

associated wWiRah efiogrhc iemg fad @ tma ®i0flf56 r(eRatl efiogrhc ientg

al . ,. 28d&éi))tionally, the physical processes cor

Crocus and SNOWPAEHK}) and mamst edukxeshwhich do

e

xpected tundrabygmovwpgmensi bespwopdli séab and de

ay(eDosmi ne et al ., 2019)

Al t er ntt uevtra(I81Q4 D) er s amo eéwlipii cchnetsiod mo st

traightf of eeasrtd maettihgogdsss pabubake.dhantomotdiemat £y

now density without the need for detail ed me
patially distributede@stismatye dof ofiDB)gw adde n s i
elpt amadati on (;Ster mseoVveatolwa dELhSH Xt y e setti mat es
(2040¢ quiteioohbemadantiovenot vary emocdhelover t
oes proei demporfwmabkthendandbygy soowi deasneag t he
ut the spatial detail i n thenadatwsnagna fiis alnitmitto
nadwe nsity estimates, due to t he rreesluattiivnegl yi ns h

argel yesuniioigoerens most of t h&vemandoaeecwinsen mahf
now density estimates étof(2I0A6wWittah ga smatwi xl lay

emporally statireygaldl®eod s@d)W &gp tmh

Quite Waognetltyhevell@pe®d)a machine | earning

ensity in China. That model is based on a ge
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net

sat

wa s

geo

wor k (GTWNN) that is forced by meteorol ogi
ellite sowwalpbeoddau,ctssndwndepth, and snow co\
found to perform well compared to other r

graphically weight-2dsnmewraeesrssiotny edtci mataed.

GTWNNdmd included 20 input variables, all wit

di f
net
ver
cov
cor
i s

(at

t he
me t

and

ficult to explain whyThtihse insddeeolampmernfucerdms | a
wo rtkyspiacrad | yblraecgés rbdmexdp eacd al |y wi t((RR 09igt masny ¢
y dicfofnicceuplttuditda izei dirasv Tahree dheasdcer i bed i nfl uen:q
er duration variable spediofuindabkbhaptetvrebyg ou
rel ated wit hGCTIMNAMW deeehisamst ys@wnt eri ntuitive L
expected to6Stdaenmi ey Adceirt Pdm®l)l y, the snow
| e adsets ctrhi cbseeelt I £10)¥/8B8 g pbeepu i tt @ uni que, consi st
sonal and cehhmphamdreali zemow,y ver y( sleoemmiorbgsleyr v e
h | ower than thorset iouedr @edsemwdh,eriet) .appear ¢
ve useful for iensttihmaste nvge rsynmaw edeeiefsida yd arm d ih te

i nement before it can be applied more broa

So, it appedaersscrndmeed osfnotwhedensity model s wo
CaAracdtiiacny, each with their own shortcomings
hod fobué&t smawi datneli ltpya gsrimas exdhi cr owave rer
opeAWSt inernavior ks. The newralmgo midtelprea nwewltd dha
sive microwavarkenmivor et iren)at eddeal powt den
ependents hoobusl edr mpanrt@voisgse ci f i ¢ i nf ormati on on

Ssity in the scenappcoiapareme t of moh.e Theenet ial
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next chapter describes an expesddnemditdiomddlesdgy
est ebmaltk s noiwtudeednrsa teyn a maloommpeaetnet s ka dd | it ma ki lhe

met hods used to fegtaismatve $SWEWe ddwva newiatlys
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Chapter 3

Tundra Snow Density E

Sat e

a

Abstract

Curre
and ar e
snow wat
proposes
observat
to param
upper a
independ
was used
t hrough
machi ne
was esta

si mumat e

validat.
in passi
density

obser vda&uw

anastyosiot

| | 1 MecPawavee Remot
nd Aut omati ¢ Weat he

Measurement s

nt methods for estimati nignbsdrkplsinogv d
di fficult to scale spati aldryp oorrattee mpnot
er equi vagpenonl mpfdogre snecadadlli zfeadr ci ngs. T&
a novel met hod toateasltli mag xibvdbaid ki csrnowe
ions and automatememwtsat hARWS smeads wmemd
et ayeeresanowmpack model (composed of a
slab | ayer) to force a 3D gradient de
ent densityageri mdtesrf @anadamaieddgem®nivt t
to inform the machine | earning model
the season. Climatol ogerdatafareeusad
| earomisng amod &l utca ucati ons i n density e
blished to prevent physically unli kel
owave response. The Canadian fundra w
on and testing results are encouragin
ve micrTfawaveebhsdr caui dntpeg 0 vao fd eb slykn opr
across, vteor yprloawigdee dionnfaoirnngat i on at scal
lteur ea twoernkp tw it llmhel igroparinéshgna nd t he scope o

her sites and bi omes
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3.

ma

vV e

ma

r e

Po

1 |

ntroducti on

Moint oring snow water equivalent (SWE) i s i

nag

rti

k e

pr e

mer

str

ement. The SWE of a snowpack is a functi
c plr od@hnieci)p.fyaceur ate quantificatiiocmloft obo:!
i nformed decisions regarding the managem
sented as a distance and ther(eKiearst& a n
oyOn20hé&)other hand, snewadsmrsitthermust I

umentationabhoomenadaluraan ati ocmcadtleyxt a st anda

ol l 2ecd edei ghed to esdti mpreosleossy dansbeéeyveilh

d d

ow

edi

pr e

ifficult tb sBampkaseet hbenumpeaetially or
density estimates anemédmurt ementos sphairctt |
ct spatially distributed density. Such e

sentativeness of snow density in remote

Uncertainties i n csamow edan giot yi sSepsatéisnoatteensp 0 a @

i str

nsi

I BWHiLumjiurs et al ., 202Zh;er\édnodrld? ismamp reotv ea

ty esitmporadvees ocvoeurl adl | a BriMEd W e nit @ ghe rctad ii rotn

t i nseetaismentad r wveittolriamg et hAd dintoiwpraalkl y, t here are

er e

amp

o d

no

snow density hamatde s efcrtom ntphiisc aa p pornosa cam
|l e, snow density is an i mportant factor
ensely packed (pMeaervteinnead Detagatn.gwd O d T gopple

dhaffsteegenow densiltygckiasauyr bes fart htelmo se
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Background
Earth observing passive microwave remote s
urally emitted radiation from the Earth in

ut t hemitcarogweatdrieaTh ®en measur ed bry afhearadi om

iumdébs physical temperature and its emissiyvVv
vVin. Understanding of the processes that g
erences to be made abouEanlhy «r,ndrdli athisompgl

ntified between microwave Tb and the prese
fer & M2tzler, THh&G6G;, Ramcngapetbpzimoinel DFE)d r

obseofvi a-goWdwe,d giceenre adequadfe pprra ocoeas skenso we fe

rowave .interactions
Understanding the interactions bat @en mi c
se processes to be generalized into mathem

el s. Radiative Transfer Models (RTMs) att e

hi n aprsadsuyopet ded i ¢ mi ctr lotalaev er aedmiosnseitoenrs mi g ht

. g. Dense Medi a -Rayermed veeoMle)Binc B RKBRAT Mul 201 3)

symit b e bavmivepiromsiced by the RTM are compare
ervations to infer conditions on the groun
d a frequencygpidbhppsudt emddi awdgp ah&dhhnnel sens
ume scattefrie@aguémoy abdokwground channel set
ditions to est(iChathng $WEhad nrgevl leab8gyit)th s nowpac
d to be parameMeandethetovausabla bhei RTere

i mi ze the differenceqbhdhosreawpank met ecsaad
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not necessarily straightforward to assign to

out put s.

I n general, the influence of snow density
overl ookedaie ISa&VEgestiVmati dnnmodéhenrné .|, s28211a
snow density observations at tmet@areiceatsiaoly, sc
primarily because of the diifrf ichuleaetr vhast iaocngui r i
result, snow depth has been the focus of most
density is kept as a SqQgEatoisasl It@ihGlaodabSmaedwnpw3 a0 ;| vyl
et alor 268A%krvative estimates are taken from
over (Keméey et Hdwev er0,03t)hese simplified repres
not adegasdretl yvareipabi |l ity acr ossiit.he. daomrad sns att

entaneadi an tundr a.

This study proposes a novel met hod to obse
| everaging existing observationnnet wdr kne.asTulre
snow da&tptweat Hearons ttahtei dGi D)) BPoodbwi appeoaacl006; T
201lwiags adapted to produce estimates of snow de

Retrieving snow densitgaba ubesel ppbonta oombd

t her mody mamieappbgovaheeireeiefse ct i ve grain size 1is
respect to RTMs. Beyond informing snow densit
retrieval s, t hreosvei dees tiinniaotrensa tcioounl dabpout vari at.

previously observed.
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33Study Area

Eight study sites wettepdamdenarnd iirdpg3ddet ihre C
These staticoans gomb ictetdr a satbiaacanaedi ng to | atit
foll owing thees{(&i@yBalsy cDehlkhefmmcdier itsemger at ur e

dept h, andardeenisnictlyuddeadt af dIr &heht sntdeai bhi alel & a

devel oppesnpmwotdeiny al g o foert htimeev aflol | owith@ r eason:
simplify the retrieval process

First, the relatively simple | andscape of
sources of wuncertainty indheofenstnow pasppevei es
bi omes or | andscapes. For example, the effect

| ands(cTaopnegs et, aalnd a2ltleOnNuati on( beff ettiasl froth0ORO6
mi ni mized in this region because@Wod, th®98) at ,
However, tAtet@amadi armhe claamn,@aadapder e are some
to the aforementiirencedcdrntachBhede Res®@t uaeed

within the Arcti d tComvmadki |dldeshéaf freecnoezdocnees biunt t op o g
mi ni mal svat @lblsietréveat | .Ard dfi d o toprailntys t he |1 nuvi k
border of tge eécodbdomesndndt ai sv acrhiaerda cltaenrd szceadp eb
includregted areas) which increased the wuncer

at t hat site.
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Tab3dléBasi c char actaairtiosnaitd £ fwera tshietod sitna ttihoen s(tAMISY) ar ea.
and snow depAWiIedsm)efmewims and density st(@Gan3IWk)s from
Number of density isampéesnumberraft heampl ¢esndi ncluded in
sites are t,hoasned asbuobvaer c7tDi cN oa rnea ttchho steh eb ecl leotwnwg ®i0fli4dgat i on
cl a Site Av g Avg. Densi Avg. Std. Min/ Md
Temg SD Sampl| Dens| Dens Densi {
< - Al ert| -15. 31.4%4 139 ( 362 51. 1 188/ 4
(@]
._S Eurek| -17. 15.71 117 ( 331 54 . ( 143/ 4
T
< Resol ( -14. 15. 116 ( 383 81. 1 217/ 6
: Cambri d| -13. 24.¢288 ( 330 54 . 6 180/ 5
; Cor al H 9.6 21. 120 ( 400 52 . 8 283/ 5
o lgal u|l 7.9 14. 81 (4 323 54 . § 184/ 4
5
%) Baker 9.8 11.1 108 ( 260 6 3. 1 1271/ 3
l nuvi 7.4 57. 93 ( 188 4 3. 72 69/ 28
Eureka
©
©Resolute
Cambridge B:y [qaluwt.
Coral Harbour
Baker Lake
]
|0 250 500 1,000 r1?00 Ny Egss
e e Kilometres
Maticnal Land SurfeyafHaland, Ber, Garmiri, FAO, NOAA, USGS.
Torghto New York

Fi gBicd ocations ,ofdi AWS i diutt edl
algorithmbubhewtdemdiet y

[ecozoimapg]afoiviee nment(no tN.alfda manchd
CanaReat, ri ehed pfsrdrmhsi s. agr.

[ basefiimagph]t Gr ey
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Second, the composition o(ffe.Taq.ndBansnm w& i St t
199a3l)l owing for informed decisions to be made
purposes. Thi svaprcirart iiemflo rt cocilvsssdeattt er i ng cont |

of snow edceanussset gf f etati vely | ow compared to th

snow depth, grain radius, and | ayering).
Third, the tundra environment is apealy sui
practical ilni mathput i agstbaker eompleil 3 i mirge s taet i teo ait aldhi es

approaclhamggaees tionSVEBampli ngg netrmoCke@BdawhNoet he
al . ,. 120Xt %heehsttuyeesdi mathescdulodn dehiwvs eadp ptrm amo

condiitni onresmomheereer éadas i s ulng 2aphdédwe t o manual
3.4 Dat a

3.4 Model Forcing Dat a

Thmain forcimad gaoaviedsmimoer|l |tphhee s bas ehi cr owav e
obserstat ipcroduce estimates of bul k ghawadensit
were acquired from the Advanced Microwave Sca
(AMSER L2AKAdel2;Anoduonboard tl{AshAguafdat&e Weint &, =2
AMSEL2Arovideaitlwi odbser vat i,wintshomeasign @ bab s asrc
frequendy gh loant iat RBessa Sqgalabl e EMEEh ( EASE)
observations for each station were haecquired f
coordinaAWss soft et heNi ghtti me observations (~1:3
the descending Dbobit hesroact&h evesrneo wiupsaecdk was mo st
cold and dry state to f aanidliitti @atnes faocq@abmaswe trad

appr €hoham,g et. alhe U&P.87)(19) and 36.5 (37) GHz
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@'b calculation to retrieve snow wkeenssead yf.orAdtdh

detectionestrs@reaiddypg& dBasi st (1996)

The al goridiwvbdamt hésosuaei on maasgurirement s omot
Environment and Clumamat Clca wg @ tGeetnvaadrakat i on (A
(Environment and Cldlmantaet e(Chaainageec AGNSneadidated® t o
parameterize the el ecwhemaghaitliyx meaadwpraeme miods
and air tempepriaocourlkenpwloedge of tTHleAVEI odwatcaondi |
weer the | i mittarngi n ntphuit ® feagp c.dlue hAAWS enaestownosr k i s
sparsely distribuasddi nowanddasegatdédassn,ti mgr & h
number of sites thisAdtgoronbhinl gaandayesaaapbdilked
consiadgt &AM esciatuesse sensor problems and outages

mai ntenance schedul es @&@roanerretshedsriyjttsed (as i s t

3.2 Reflenr ebnacteas et

Reference measurements are necesaawy to ev
densTheyECCC Canadian Histori caltViSmnnonwe tWaette ralE.q,!
dat aset was uisre dsntdom pdreonvsiidey tdhaet a. uddes &anSWE
considerable number of sampl iwhgefthalkhhti ons col
straightforward comparison of @hiai sthatneSAWEa nd m
density daltlae w8 @0OWSWE Tube sasnparedpt dkie@ over
courasnaels aggrneagataedi ngl e esti mat e oocfasgpreaw fd et
in the CanfSWkE meadasasreament s werectbaW8obdhdisnat e

it nicd emar where the in situ measNior eantlednittsi owearle
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met adata about sampling procedwrua drhesiitned i dve d

in the CanSWE dataset

35Met hods

351Snowpack El ectromagnetic Model

Tephysi cambgeblaisegd approach required the st
and the relevant snedptac §uahbr b cheld rmgicheelc BMRE e
i mpl ementtheed Smiotvh Mi cr owave RadTRBYyikhenTrahshaey
(Picard gaasala.d,op2t0e1d8 )f oAt wiosags enironw phahatesd sst udy
confitgaucceadunt for the presence obedeéptbsbpopharttd
mi crowave signatiHaé !l of elrPiBTetr Saalbm@ w2 0O tnppsi ti on
hoar (i .e. | ar geper Imoroeslea syt vpeahcgkeerd ignrtae rnasc)t i on w
radi,attihoann t he asnd bi lecnroenva deady escatt er iThgsef fiitci
i s i mportansi der the presence of depth hoar b

mi crowave signature of ahmechsdeepencspbpawpadk

Thtewloayer snowpack model representation was
obser viantei osnnsb.wf depitng variable was prescribed
observations, divided into the relative depth
sl ab | alySabereiptéents alppl i 208017 the AWS measur e me
cm doefpt halhlocawddh e mi ni mum daily air temperature
surrogate for snow temperature and was prescr
temperature of the underlying substrate was s

accdwnt the insul ative properties of snow.
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The microstruct-Mk er enpuierled ne DtMRMat es of t he
grains in the snowpack which are not acquired
modi fied versiodebfHKdlblay getaviaasl .2is(Z20 Gt8m) pr escr i
grain radius but with two notable distinction
temperatures of the study areadokiaedeéetchesnow

effecusl phr g wt h wer eStigrnm r& dBeklisheeat ( d 97 ai n

growt hwanodptpd i eslt i mate incrbased bn s$hewngmbae.
since deposition. Second, differermte prfaitrhegrn o
| ayer nature of the snowpack model. The param

from Sturfhl&@Beéesapplied to the wind slab and
respectradibngeTlie®r each ofgrowehl|l mpdeb war ehec

reflect the effective grain radius in DMRT.

3b2Machine Learning Application

The -ltawoer snowpack model presentedeasiit §sSuece
estimates for each | ayer, ssanprhadtyi ne-ilsedrsrsiureg
di mensi onal (3D) gradient descent model was d
|l ayers in the synthaniocvewmcrewaok @madiseonnsde:

i s provided i.nmMheggarawale,nt2 W2G)c)ent model (here
coas$ssociate with a gi(vie.ne.p asrnaonve tdesrn dceotnybni enrabtyiiot
cost fuAdbdtisomwost function is used to evaluate
ulntait el y the only oeteirmi nleewmodédl ofia$ hbse con
| i kAetl yany given point, the model estimates t he

of snow | ayger addsetoismattieess tahned i asgantaneosst watl
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to the density of each snow | ayer. Then, the
snow | ayer according to their respddtieve sdlegn
size)Jhe model tabhsessbatastetwetboshe new par ame-
the process as costundontiamuexitocodeadrn ¢ a®lme i s
parameter combination with the | owest associa

scene when the observations were acquired.

Fundamentally, a machine | earning model ha
which it is eXpbiomibniwmwipeoguapmeés from the co
aspect of 't he hsocuelnda rcioon stihdee rmonduesit sbe i ncl uded

for evaluation against other possi Iplasss oleuti o

mi cr orweamet e sensing model i s
0" R “Yo " R WY (3.1)

representing the difference b@&Yoweeand htthebser
simul at edsYei)gngatveerne t(he pe(esanidbddpwhntosaltabay

dens(@ti)eber e:

YYo “Yor YoOrp Q (3.2)
As a result, the cost associated for a given
processes cons(deeedvohum@des ®at@s ersiemgl)ed an i s
| aysemrowpack model because different | ayer dens
synthetic emissions, resulting in a system wi

This equifinalittt hiags uéd ei magrhawastei cdoendnrevamt g C
by seemi ngalyi @ qluayéry density combinations pr ot
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Consequently, the algorithimde pplompicesgi Dat waaer
|l ocal Hmumthmar, the modetdHay preogi¢ysiecn i i mteasy
response to perturbations of the system from
shift bet weeéelm elr@diatrheonu th i anyh ec oomosdcerlaicnans fi nd s
across an unfeasibly vast oradigreg otf o diermmaydlyi toi
fluctuations in snbwadgermdiamyg.esl mtnuistniowe Idye,n sd a
conservative (especi a$ttyrmn&thHel esnhgdhaeltmbao Y8 ¥ o
fluctuations (onf tkiel ogdamsopehudadypepdsexperi en:
represent reality. Thus, the potentailaglorsinohwn d:

run sSshould be related to the estimate from th

353Cl i matol ogi cal l nertia Constraint
The climatological snow density record at

better constrain the model 6s evol msieasooaf sno:
That is, the degrbee adfl ocwheadn ghee ttwheaetn sshuobusledg u e nt
bul k s noaw dd ehnosw tiyt may &Emwsangmeateweroft idmea |y c¢hal
were calculated given thae @ard3IWE&Nree rheert twe edi \
by the naymsbebxetoweedn t hem. The CanSWE record foc
19606s, however, onRk¢y¢ wbservansodsr edocthu206033
data bet-&wgdenCQiO®®i dently, the period from 200:

AMSE/ AM@3Rdata record, beginning with the | aun

The estimatedhweabmesys dendaitlyy were -then agg
week groups eadchygee d 6 Bigg 320)e daahyd t iswe 8 Riemt i fi ed

bet wseuecenc eisns id8et Ui ty measurements so the par amet
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Daily Bulk Density Change (kg/m {>

coul

at

t

d

he

be girTeeet Icy imMmeadwdeodi cal mean change demo

begi nnirreghdafngt heo wsagradssonhe clkadads paeikby st he

i FRi gBrB)ymilarly, the spragad eigm tdtehde ddaiyd tgrhiamwgtei

found

t

O narr ow oVe(rgrteheen €Epoogi BnstBg) bibse t he season

rel atsiadresnhiig i ed bet weethh@demandeg onfeapaus eimeing ss

mo d el

c

an be |imited to those which are c¢cl i ma
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-601 47 31 -17 1 15 32 46 60 74 91 106 121 135 152
Day of Year

Fi gB2idggregated esti matfeomosii tdua i rl eyf (el emi&WE ¢dnast itat syt
trainjngleited basetdlohamnsb&r WdTallye obfl aycekarl i(ndei sitsr if

me an

values (shown as black points), repr easreentfii

t hr opu guhs

or minus three standard deviations from

maxi mlmocwednat bl ogaaoge.

36



A dynamic, control test was developed to c
rel atsodrsshrived bet ween successive bulk density
The control test was taken fer camm moaunt yfua c ti usr idrege
acceptable i1 f it is within a prescribed toler
expect d Manallew e & Go flfnmatohhi ash §céaSs)ei,n bul k snow d
relatively consledviei mieni sal té4l@aegg eish @ hmd eers  d .
t he al.gobrihédmscopetdafsyrcdvengve & yown tphoetne ntth eal
| ayer densistputdmbenatbmledmdarf abey8 dkhye previ ous e
of snowThemesifimayaer, Hnel ati onships were fitted to
of the binnegdeiegdrirp bduetfiiomes t he t ol elrheences f or
rel ati omshatpedyatod tyhdeard &§IDOYi ng t hem to be cal

of t hevimdd el

00 ® Tﬁtn(ﬁﬁﬁ)ﬁcbrt@p(po— (3. 3)

, OO0 @ ™ p X000 © & X 5 (3. 4)

The mean dahlsdmogwe dennequ gt i 6 no&g Badlbwyuaksr msghwonve d

deneisty mat ebe beginpingeondvangezerasoo | i mit c
sea@omcknlei gd2.8i nillya, the range in estimated d
from equaltsmndecrigases ove(fgrtdeaenkiopdZzyge |iak gteh e
val ues ealtli onmecds t o aleivmatt celf angpyl eg dh eto@p pr opr i at
spacoconverge with observedcsTh,i cd e aniseansgi éntgy nolvaetr

in the season.
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354Gr adi ent Descent Model

Prior knowledge of the scene was incorpora
potential snow | ayer density comBucati ons and
imf mati on provides contmxdednelnnovraen te ftfoi ctiheen tslcy
possible | ayer Thesetgyormcg mbnwiat pomaeamindlhecont r
tundha@adntri bute to a chmpaakteompdWiidthitoaon luayemr
of t heespmr otclees st undraaa fdrewipr eammeevi ti etsh potenti al
parameterbeatdi ensunbard as they are unlikely t
groumdt hat end,, tlwoaedam®odetnd st heofcotshe f model

such: that
Q" R 1 1 3071 B (3.5)

where bwwavemi model |l i pgfcomponent odwhise dnoidn fea geuda

and supplemented by inefMhi&a () )anddBbabmponaeng

0" R (3.6)
. :
o (3.7)
5 h _ (3.8)

whegachb mpowmaanstsi gned a wei g ht thoy paedrjpuasrta mehtee rr (r
i mportancle (suchp)tThhaet modeladYonyg é&rror (
WwYO ) ,egqmati on 3.6, was standardized hy)dividi

to match the fiwnncetqgiuan iofp ®aF. astei ghed aasenst
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r e

al

pr
Co

S

|l ated to the unceéeErtiaisntry nreanrtg € S0 fQ .ieh &6 tAMBWRA r
viation in the contNow, tJesatnd flr(iohrsetveeq uabtreidosna n
vi autni)amsdr e aabclte rted ati ve to one anot her. I n

rmonti @musptyi mi ze synthetic microwave emissior
mai ning within bheatlomatdokbgngal scope

The climatol odgiroml eiguwaa 4 ioche Hidghmietd ftliomct uat i
gorithm ®Asatemmad etsr ue i nertia f osrcreeltahtaitv el itnoi
evd logusr i t h mobsu beksot w ndgetwes iiogflyt ed "avaen'dag)e of

st incthasdsfWwethBnce bet wesnntleitahdesaipigye vi n

ti(gppared theckkmatobkbdgogealrom ecdAMigobiromn h3n. 3) .

ti malaé s owed tondi heagboupgdaer ystdhaeafdiamed dlewi at
ntr@l, tfersotom e quihatcihon h®. s ti mate cRBainloy <cr os:
uctuations i nswenpéwt idmantsea lty oceocnfiimdde t o t he r
i mat ol ogically prdoibdb|l @eatvvo gansumae tume emd d st

e paramatar ssmal e day

Al ternhbhei bal gnct g oonoremgauraegnton 3.8, i s piec
ntributes when the sysiwmende phewmme ddl atyegr b e eo
)i s htilgdhrert hedesnl gaibt)ylhaBy emmi cr owave scattering

owpack is dominate by the dept h dplobara rlea yneort

reflasctetdrmnigdhney wi nd cshlaanbgnelsi p eobs€hwuvuati ons can

S i

mul at ed yceeapttlho hHoeearomea denser than the wind s
l i kel y i©Spoa tlhoeg itwaasld irauctl bued ecdo sith f uncti on t o a\y
nsitybyprionfciulrersi ng a cTohsits isn niphl oes e wsl i eymardoi voends
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t hael goi int bh@mlnadn @a ovi de realistic density estim
Addi tional | gompadiree motalvaansc ichegsi gnetdaliwli o wWotwh e har o

snowgacldi verge-lagepsvénede bpmpe opri at e

Now with the introductidrheofpalr aamed eB ts@ atche
number of potenti al | ayer density combinati on
This wad khyhieveoducing penalties and boundar |
by the | and B component s. Figure 3.3 provide
parameter space (without the J comp@ngmitnt at

(grey Mmpiogddne)i nwi th equal density values for twv

The cost associateBi gdtd) liftchaadess ods bl e
di verges from the set of | aliegd d@bnasti teyq wcalmbti me
expected change in bulk density. The new esti
up until it reaches the boundary defined by t

I f only the bul k deoawndar wafsorcrmends i a elreerdg I ared
| arge sections of parameter space, because ma
bul k density. So, the standard deviation from
rest rmocdtelt teo a specific portion of the par ame
information on stratigraphy). This reduced th
parameter space to a zone with bouendRirg ®erse i n
3.3). That boundary was originally set at thre
considering nearly al/l possible climatic scen
found that that boundary twas muad Ilartgd uared am

boundaries set at three standard devi ations t
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Wind Slab Density (kg/m3)

nsistent . Il nstead, the boundary was

reduced

nservative chadgesninubo)] kmdeasttcpygts@asat ent a

Depth Hoar Density (kg/m3)
240 245 250 255 260

260 -

255

250 A

245 4

240

Fi g83-¥i sual representation of the restrict
balancing (B) componebhhs. sThefghegyprp odieth hie
iteration, the dashed |Iine is the set of |
change, and the solid |ines are the boureda
relative costs associated with the | and B
(darker shades represent higher costs)
Note there is overHasn afddrigd veeA dedfifieica n aolimli yc
isot shown, to simplify the reprheesewmnapaoa
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The parameter space to search is further r
additional penalty when wind sl ab density
rreidgdimg) , essentially disregambdinmag i omese Tha
re the balancing force took effect was set
r | ayer during the model s progression on
i mating the ratectofteahaagk | &y edesdreevassititmygr el
estimated depth hoar density would not be
of bal ance amdsitn Dtee atdoet dded epieimadt e | tatbe i ncr
ance ngwad oirmpl emented in this way because tl
tated by the depth hoar | ayer, while the w

rcehsatnrgiebse idnept h hoar | ayer.

Beyond independeenach esamronw nlga yreart easn dfnotrh ke c on
t fumatoifoimympeer par amet er was i ncludédatin the
erparameter was designed to represent the
dictl até vehstrengt h.Tofe tfloe maal amciofg af drepé¢ h
uires sufficient snow accumulation to insu
essary temperature grad({( €at béok, Tkhibhee8 2) ¢ gr
ength of the balancing force was the ratio
a mature tundra snowpack (M) deep enough f
erparameter, to be deter miandd dby ntfhoer maa d eoln
atigraphy (aGan3$hWE Itirmuthé&E dgh cw tléne ntsh g yflut ur e,

ailed training data could be used to refin
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365Snow Density R®ittrasval at AWS

Forci nwe rdeagtuai r ed t o spnaorwapnaectke rtioz eb et hiengesti b
and perform a passive microwave retrieval of
(shown giBimeas inspired by the effective grain
Gl obSnPouw | i ai nean,et20a0l6.),nT2atlals) approach, point s
depth from the AWS are used to provide prior |
mi crowaveReetreevagssnow density at those poi
number of amppdriedtteonsywhigicdaionnlsyi zreel evant wi't
RTM3 herefore, the existing AWS network in nor i
snow density across the tundr a.

AMSR-E
. Observations

Electromagnetic Model
’ o N DMRT-ML /"I\:‘I‘ h"\\‘ Exit condition =True  _.-="" ~a.
: AWS Y achine T, T iy
f T - Learning Cost e Bulk Den.s.lty
' Measurements 0 “~<._  Funcion .--"" - Conversion
------------ 1 “-_v.-‘ A
I Substrate Model Exit condition = |
1 False 1
1 1
1 | . .
I " Snow Density Estimate at AWS
| Psiabr Phoar Gradient |
Descent

Fi gBdiddata fl ow diagram of snbwomdheBboéob&MBEHY) I ema
measurements (snow dfeprndi mqhddatia temperature)

With the relevant AWS measutament depsesgril
paramedrra susted to minimize the diffe@lrbence bet
Two conditions must be metwdhredosedéehedpabsnve

estimating snowhaeéentsotiyatv ¢c¢ tea dsmitiedtdiwt e observ
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u

ot priGmtodysi&ndasiSetcond99thee Mtt Musast five
nti metres of snow on thewegmeannidddreddrize cau £«
ansparent nature ofadh@Halolw sthodwlf tohmn@ @2 o ovia

met met (tehgeu alt itmenrt e 6¢ wat seuntcoi aer o and t he

mponphhe kgstem in check.
The al wadsegsihgmed to include a verrnyotstrong t
tended to produce instantaneous esti mates.

tire winter season to provide the most cons
ow densityfidsedarnotnghawe dengit gdods zeroto &xi
d an esti mat evaf orre gtunier eidnittoi aslt avratl utehe al gor i
tabli shed f oge cegrdapdsitctieonhbasved horhi gher i niti
re northetrmmdm &ikHelsmghent wao98dw | ayers wer e
nsities, then the evoMautdiont aotfe d hbey stnhoew fdcernc
nalatestoifmbul Kk dewascayctibrtedchadag on the d
yer and thei(i.res wedtghhiedd@mppedaduwr)e require
rcing data throughout the seasomgtlioi pk ol et w:
ccessive snow density estimates in the algo
y require some time to equilibrate and evol
served Tbs. Ther eflorseampleilmg i ovfeltyh enifgdr ciemtp

ccessful algorithm execution while tempor al

esti mat es.
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3560utl i er Screening

Selected outliers in the reference density
adorithm outputs because they did not fit witdt
cases, very | ow s row rdevnesriyt iheisg h( <slndpOwwkege/ans i t i e
observed early in the season. dl buitstheygl aare w
reflective of the expected seasonal tr%nd in
were considered thereby removing the influenc

ot her cases, theres weheaet sdiod arda tc foibts etrevrapg a roanl |

The Generalized Extreme SRodeptwiazd aSREV It @t
identify tempor al outliers in model perfor man
t he ddautraismgh atthy si s. GESD i s anohisteerrvaatiivoen st etsh a ti
more fmodet hed out poubts etrhvaanA ttoheea cont hietrer at i on, t
estimate with the | argest deviationdfaom its
significant outlier §r com tnhoda .r elrhaeinni ntd eo dberew
removed and the process repeated until the ma
significance | evel of the GESD test was set t
all owed ddrgidimg bremraehse of the relatively | ow n
avail abl e flo&f etBod s&2 amRoWmMOmwer(e i dentified as
exclude from theGEBESBlI ysisot I mpmrtedtt g, outl i e
mo el | perf owmhhceaemodéségoatitomastbadi)gni ficantly

the rest.
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357Training, Validation, and Testing
Before the model teesh Li bk npedso nosfideggb d 0t r ai ned.
this condexdgf,eng attmiindenti fying the opti mal h

gradient descénmnmsmwaelusedhteoecampare the outp

combinati ons. Loss is analogous to thekqualit
of quality) and different hyperparameter comb
thistbasalgorithmés | oss metric is related to

and the correspondi ng NwaaShutec li inf ft eh eE frfeif ccireemaye (
chosen dsuntchedcobnose of its use(Nashy&8rs8uobglichat
ivalues between zero and one indicate model e:
to the obsereveedamaan; i ndigaeadtei ma tpes nvbmerinide rme a n

than the model

Theur AWS was tohdgean rbetclhrau smo degdulat hée yhidgh a
availabltehe site. The Eureka S$aheer iwaest calo.s e(n2 (
all owing for increased confidefspeicnfilkal pgr a
of | aye®Onaepaeadsdn of dal a) fwashruasiend ktgo (t 21 k0 6no d
because it exhibited the expSetcutremd & rHaod unaglr edne n(
(ignoring one dadrel t rae as oirg o wtnl iwars) i ni ti ated
observat20cdmes e a sbhet o oernistuhrne stthaer taeldg i n a sui t a
(as opposed to all ot her algorithm runs where
|l ocafranhing of the machine | earning model wa

hyper par ametoeairs ¢ @ambnarxatmi ze NSE.
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The opti mal hyperparameter combi nathieon i de
remai nhelatramaiTni ngves eevtaos esdelaaskbgntsei t hem @ nf i gur
similar, but differenundrda,t ac o lAtochceat eAdVSwistit eGa
|l ocations, were chosen to test the algorithm.
winter seasobBsdattathec dAMSER Al t hough sparse, tl
range of thea @G@adadiravitdenadr good representatio
this domain. thesalobgododi bemnwaedtrained on the
season ( EQU#)e kaan R10e0bs esaenhs a very | owdttaining
most machine | earinn ntgh B %ptd eeareemitmg,i oln2s% (val i dat

testing).

36Resul t s

361Per f or M@thrciecEsv adrudat i on
I n the interest of icn atrhittsyo, s eswtaalinoet red st haer ea |
skill i n estimafTheg bBol k osn awioalugs $dr blys e chtei oprr et

defditme tirvaalniidhlgeBbhng sequence.

Bef ogaen atl gytsa,r ttelde iwmepewtal diaatteed and deemed ad
for model SBoecmahgof the AWS sites experienced
study tphean i aldl 'se ugplt g Srointehmf wédreaempouanageand di d
affect modemu pbeytf owteripenrose ponged enough to i mped
ability to predict the tempoweade emaldkcgubopr of
AWS dvetrea ai | abl e for the majorthgubtfptbkbowgade
out aAgfetser scr eeni ng3ooff tthhee 6f4o rdca tnags edtast a(,e i5g ht

seasons) were deemed adequate and used to pro
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Once the input data wer easgeageanidnisnt saslhgeor it
referenot dabuassadmepnisdsttyen percent density range
reference dataset because of uncer(&popbngeesé&in
Mc Cl ung, 2M09end -etez@dIh. es20MM@d)Y e of bul k snow ¢
accuir fantdessi nht he uncertainty franmgedsadr drhentc.orr e
Further, a series ofrdeonsithegswematesnsiast de!

Ni1Owmcertaintyher ampa@ont ogflee measur ement s.

Beyond the giventgoabkbitatavesdetal measur e
algorithmés npestomaan,og rsomeuadnidragh siol ywt e per cen
( MAPE®Ot mean squ,arandcrivisEsd § & VA& egduant i fy the
algort empgn@mpar f or mance i n .Blewevheetrjientarsnacw iddrcs
the representativenesssiotfe NoSeEa évehgea r(p@urgirtosxr ma tn g
al ., ,ahBB8&nl ues ar e cnoomip anreacbel ses awhielny consi der i nc
sitSean al t er ntaot idvees cmeitbrei ct emporias al gdri ¢ hor pe
KIl'i ng Gupt a Eifrfeipoieegpast a nKdGEr)d i z edi meltari ¢ ( wi t h
connotatipbpaesahbkt NaEpght f orbwa rwde ecno nap agroirsiagnhsm r u n

sites or seasons

I n additiinomefte@r ¢ M&e¢ ud ant &4 edatla.tosse b(iRcOdLEON)s i t y
model as askalsel i ne for béeaypesaesfeo foma macpep | e vcaalt u ¢
applicaomisisnitcye otwobave ( Ketkeyl ee5gaw. de2B81LOyy i s est

St uetm(210.10) with

? ? " p QuQIY0O Q0w 7 — 08w
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where bul k j¥%insow aleantsead yt d s rodywe adre p(t IO YD) &, b kar nadn dt
parameters varpyFwi hk $oao,@raenlda sreew rcelsaesnst t he mi
and maxi mum (@248 5yamidl &6ess.pte clg aea rye)

densification parameters for SDWheaosDRYiIi 0. @@
modedquati ®nap@p Odeetdaatedh itemtee s MAPE, RMSE, bias,

23%,98k g~ MmOkgrrM520 aln4ll respectively.

Thresholds were established to determine t
estimates, relatMVARma® tkensgda snugebneebdtbhuotdesfac cur a
al goriameh t wost hr eacicolrdld (e ye 2566, wi th respec
NLO% uncertaiinh ymé daamugree mgefarttfsogamalnc @t o$t it b @ | mo
Simil arways, tKhGE pr ifroar yt emmgpag warl etahcrceusvaasigdtsa nd t w
accor d0.n@0-and4, witperrdsopemats cted iotsh da rttdhla tmo d e |
ofstaati ¢ medn sensotwW-Odaettriesti tiys t he equi sl ot t hr e

NSE.

362Training Resul ts

Through heaahgogithm was abl & hdelos esrewegyd accur
c hanignessnow vdeer@ StBht®B&ur sk at er.T Bmiasiomuanc hoeged
t hrough tr aSEni@fQBBW=ES BaBn, ON Gr r es po,RMISlIEgamn d MAPE
biak 5207.9% 3&g-8 nklglmspec(ts ee BR)aAwli ssularhmat paof
betstaining akbgor ov umle duuwgBedsihg ws t he al gorithm
esti malt asiivhe mietd stulr @ Nelees se mat esvery robust wit
out siNleOWhltert ai ntyammmgsMao@yihb e t onuet al si uerre me n t

on Novembmovéd by NXThhetWSE$S D rice mgwhiag 3aiti&ec ,
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epger i gmalddnasreesa i n dgmova dmaktithé mcm andzecroonsi st e
temperatures durFiimgg dbelsehtolamsumiiyc pewa v eb. antovdesd 1 i n
observed and swhi & lctlwassee mios sziea ros ,ftara igrdiren gmdh.j o r
Thus,p pietar s telmdt cuwmda Irt gi cokhiests htthh es pro o dvuedréyal t o

si mebarmates ofi nsms@Awhpd e mgi ty to

Eureka Training 2006-2007

Bulk Snow Density (kg/m3)
g
e
=
s |

MAPE: 5.7
200
RMSE: 20.5
100 NSE: 0.388
KGE: 0.728
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Fi g8l gorithm training07.esa)l tssh dws bEwlrk ksan d
algorithm (black |ine) and CanSWE density se
samples marked with O0Xo6sirwdi &€ ardemovvéde ffromtt
inithateal gorithm run and black identified a:
measured at the AWS (purple Iline) and CanSWE

mi ni mum daialtyuraei ratt enhpee rAWS. d) show¥ot héromi.
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Tab32eSt atistical summaries of algorithm performance (re
si,teai ning dat0ar fwionm etrh es e2a0sbo6n and V& adadtli2®O® 7dat a ar e

Stage MAPE ({RMSE (3| Bias 3 K NSE KGE

Trai ni
5.7 20. 5 5.7 0388 0.28
2 0 @67

Val i dat
15.5 70.1 -46.6 1,411 0.161
(remai ni |

363Val idation Resul ts

Of the sewwsinntreermasenasons for Eureka all proc
produce meaningf ul ROXEI)t sshebet t her abger s ¢ & o
intermittehnh geowrabyethe validation algorith
absolute and tempor al acGBuradgioes tthmaweir i et main
over the validajfwidrm svwAaPsEo rsad@tong@ila koan 9
-05B0. 6(lmlor e detail on individbhlRe alugar iitshmntcy g
underesti mated snow densi tpye rdaorrdmarsdrns tt enret Isye a s
i mprdoweer t heeaebBnandmeod|l gorithm whgy abt emabeaba
snow density at peak SWE accumdleapi deseact gss
per forlmanaclel validat ilogio railtghomo @ shiec tpaishesisent ch e a
sidansiamypl laetse rs elanddthle ak PadEc umul ati dpuwas 10. 9
out siM® Wnlteer t ai Nty T anrgéed Aawkrsidgmeddsstag ad d n g
potential for estimatiAd lewvdhdbiade obhoanr SWE, cb
(200B3yrpassed the two bencnolddeMIAP Es <t 2IbWo tamel &

> ;dee table 3. 4)
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364Testing Results

Tabl3eStatistical summaries of aCagnmIWE hrme fpeerrnf coer nmdaantcaes e(tr)e
testing dataset.

* Eureka is inluded to priobhede dahtneatefoomphbheetiesfi hbe
stages.

** Agglomerated data.fald |Bletk at¢ess teixmg psi t es (

Site MAPE ({RMSE (%| Bias % K NSE KGE
Eurekal 14. 2 65. 6 246.6 1.077 0.186
Al ert 15. 3 66. 9 243 . 7 0.728 0.168
Resol ut 15.7 78. 1 1. 4 -0.13 0.042
Cambridg 16. 8 71.09 32.3 0.911 0.362
Cor al H a 15.1 76. 8 -54. 8 -1. 438 0.189
lqal ui 19.7 82.8 52.6 1.196] 0.296
Baker L 16.7 52. 7 28.3 0.029 0.557
I nuvik 27. 3 60.8 39. 2 1.163 0.4109
All Testi 17.7 71. 3 24,2 0.272 0.603

Il n t.,ghset ianlggor it henl dgmbhgtlawedtalssdolest @i asdc
across (cloenptau redtraguot Esuirgeni fi cantly higher temp
3)Bbsol utefaaccumaadivedual valt dvattihe MA PEi rainlda rR M
mar gi nad [ tyhdamn gthleoesxec & ptr fEarr etklae Iwdadccins pl aneddIl n
considerably woreee3T)aBitfesorr meatmicved | ¥ est i ng sites
KGlF al ueran Hurkeka.n the validationsstsagea,t |l gl gor
i mproved over the coutseeak SNE wasesdouncleadh dt oo A
14.6%r om 17. 7% f orl nt hseo nvdh eclaed epseraisttomm . waesr yab | e
robust efsuli kmad mewmh edreert 3§ imtay es wernn e wedHWUBEemehas
(eFggd6ae . I n ot her <casesdi stpheayaeldg os antéhgnatt b evtei nt
seabBbon comeaesgedmeat si n tFhieg€debassnodn i(ne.ag.f ew ca

52



t heorail tgh m
36gi)thews i

eaahgoriwdemimuemnuded i n

500

B
=)
S

300

Bulk Snow Density (kg/m3)
S
S

-
=]
=1

500

IS
S
e

Bulk Snow Density (kg/m3)
[ w
=3 S
53 S

-
=]
a

500

]
=)

Bulk Snow Density (kg/m3)
]
=)

esti

CambridgeBay Testing 2006-2007

nsuf fici

mat es

ent Space

Alert Testing 2007-2008

t o e sscu mmeer iad 4

Appendi x A.

Inuvik Testing 2010-2011

a)

it

MAPE: 9.4

éi RMSE: 34.1

NSE: 0.540

KGE: 0.742

b)

MAPE: 7.2
RMSE: 31.7
NSE: 0.550

KGE: 0.413

)
MAPE: 7.2

RMSE: 16.6
NSE:0.853
KGE: 0.780

t

T T T
2006-11-01 2007-01-01 2007-03-01 2007-05-01

CoralHarbour Testing 2010-2011

T T T T
2007-11-01 2008-01-01 2008-03-01 2008-05-01

Iqaluit Testing 2010-2011

2010-11-01 2011-01-01 2011-03-01 2011-05-01

CambridgeBay Testing 2008-2009

FA |

MAPE: 15.4
RMSE: 81.0
NSE:-3:326
KGE: 0.216

MAPE: 20.7
RMSE: 96.0
NSE:-0.568
KGE: 0.402

f)

* RMSE: 70.8
NSE:-3:528
KGE: -0.100

T T
2010-11-01 2011-01-01 2011-03-01 2011-05-01

CoralHarbour Testing 2003-2004

T T
2010-11-01 2011-01-01 2011-03-01 2011-05-01

Resolute Testing 2004-2005

T T
2008-11-01 2009-01-01 2009-03-01 2009-05-01

Inuvik Testing 2009-2010

q)

MAPE: 26.2
RMSE: 132.6
NSE:—-3.764
KGE: 0.042

Ly

IT\

MAPE: 17.4
RMSE: 122.2
NSE:—0.572
KGE: -0.020

MAPE: 68.3

RMSE: 109.6

’ 4 NSE:-172.432
KGE: -0.236

2003-11-01 2004-01-01 2004-03-01 2004-05-01

T T T T
2004-11-01 2005-01-01 2005-03-01 2005-05-01

2009-11-01 2010-01-01 2010-03-01 2010-05-01

F i g 8.6-&xamples of algorithroutputs top row (ac) i good results, middle row {f) i intermediate results,
and bottom row (d) T poor results. For each algorithmutput the plot shows bulk snow density estimates fron

algorithm (black line) and the CanSWiensity samplegblack points, with +10% error barsE a n S WE

ma
i d

rked with 6Xo6s
entified as an

S a

wer ér e @ mo nodbidscedr rveash i tolnes a reaalaydseids|

outlier by the
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37Di scussion

Amatri x of salwgaosr ictrbemltasadhiansektiildn rel ati ve to
and tempor al accuracy thr.ébdamd disutesmtfadd ursdaey
al gori tédasmor enscoams itshteenttandheegr adedsf or more s
(sEBabl)eTh3atd was t oechaeu seex ppehcet ead ghor i t hm was tr ai
northerinleur ekitagesr fati vely, temporal accuracy \
the entirewstaaldgnomittelam runkGEB abe®ab Ipeo s3 .t4 ve
Evidently, the algorithm perfor melde bfedltleodwiumg

Ssubsection discusses emergent patterns in alg

Tab34eAbsol ute and t enrpoerrayl adcgcownrrachinegse dfnoirn a matri x wit
descendi ng hsoirtiez olnattailt ubd easc k( sluebn et s epart § & epdelbi grhsa aarddhesr e |
i n chronolTohgei ctarlaionridnegr :2 W7 )( Eiug edkaar K2 dmDorwd ¢ ths t o di f f er er
ot her algorithm runs.

The cells awketbotesspecbded the performance metrics out.|l
Absol ut e accsur(avAyB Etgherne s=h o<l1d0 %, YeRbéw Redl1l GF%>2HB %
Temporal accuradyrelkneshelxds 4eMGCEN Red .4 14

Absolute Accuracy ( MAPH Temporal Accuracy (KGH

20@320 @42 0 @F 20@3]20 W42 0 D520 @620 DHE2 0 D2 0 a@
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37. Hi Ar ct Sa bwa sSd ttiecs

The tundra ,wikbaWwarsite d qglamiicdhcaapde better segqgt
Ahiagrhct i e a bammdstdilas be sctheaor act eri ze di fferent sn
(Derksen .etSiattes &Wdwvie 7 0 Na rweetriec cd saksbsa tf b eerds asss
(designations &8d§Ilmroawvitdeand fpieenh feToatbhaeae esH it de ¢ h
(Al ert, Euretway guodt Resomilar, with marginall
Eureka at the other two sstkbawh®Onetwer otmiexe d.
Absol ute accuracy wassubcasrictietee enfptult a IWaaswemur atc yt
hihgBy and bkbatg@sarontibedhseghayed bettehamabsol u

thosesumatdadendc t he opposite in ter.gbs of tempor

Tab3d5&l gorithm per faoramaince dmnd fMehdkmehrcti co cl asses (rel a
density dataset) .

Subcl @ MAPE (9 RMSE (%( Bias ¥ NSE KGE

Hi Aln ct 15. 6 72.8 -25. 5 -0. 34 0. 317

Suabcti 18. 3 70. 4 -26. 8 0. 287 0. 604
These discrepancies in al gorsiutbhas icptesrgfl odr ma n

i mpl yambhat compoleahsesnisfiiveeath o wind sledv eumgege d ait hetr hé hb
single admgfoirgarmant i on for. tOhenenhame, tabhdolautbe
warsatchoerrsi st ent i(sneTea b EleshiBggie satricntg wsbensai gopveth
those snow crmoontdiaviernssyrwehkk@nes bhée heths@bahandc

sites scored | owierdiadbhdteilad goaic t mmyc dhafliegsusreatni
represehtohoy¥ykreaspaw. conditi cundbawepeéercmeneed i |

var apgdgme sites shiam |ca@n dtifotiitgdhrossl i ach solteher wer e
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di stinctl yiThiefnfaabe esi ty samples for Baker Lake
| owerf oborhsaetres submatkB®wdcaverage snow depth for |
than amseeoffhpiprpotentially warramRteisngm@astsper at e
Ssubasict e cownpra¢ abt Bose i rbutthd nhuivg hkk asrtootoidc out w
absototueTahaey .al gori thm di spl ayed |Istuarni Rbesyrved iiftf er
over estimated snow densddrnysattceyimpaeedeptosiudme e
Resowhilkdhd a near 8eat)t ahd baMaBBsd lute,s for the |
sitediweproportionatalyr lellogv irbeeftegredMacken fi vdaal kui ess,

199Bhus, it seewmaultdhdestmody araeaeful |l ytdivided
account for di f faenrd nrge psrneoswe nctoantdiiviei osnist,es s houl

algorithm for. each of subcl asses

372l n 88t uEsti mat eTr Djesncstidricaad i on

| most ,cashes algorithm underesti mated snow d
estimat es cdadiren edaggdistaeeinphhes i n the season. Thi
apparent @skEipsitensddie o nst satbébCalmbr i dsgiet eBay

(sEeiegB3dgOn reabent foBamt¢ty season underesti mat.

by how the algorithm runs were initiated. Ane
di spl ayed somewhat monotonic behaviour, where
t han dBycrienagstei.la¢ i mlafj o wdeetnhsnmt taywoul d be more 11 ke

appropri at e bpyariannterteears isnpgaacteqafl wehaetrcenas est i mat es
plateau i f 1niti atredchompdsSedensally denesadly siatlale
were set comsoertwathiewsearoydelldwd snowpack woul d e

for initiatcamgetahte whgocosthmof | ower absolute
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F i g 8.7-&esiduals between algorithm estimates and inG#nSWE samples, for all algorithi
runs, based on day of year.
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Thal godostalmi | ity to capturevaheedxwethededle
t hsepati al eXxt ehemmmdr dlheaanwud ysywd®oamp ahrea ktlees tti on
traibnwhgrtast(©Onwa&dpEntyi nme sgthleat of Ov.adl@ibhdiast i on (
result is counterintuitive because the algori
expect better perforfmacnmme $amet btehewnadloHdaale v e n,
perf or mance met rdiecgsr eaer eo fr eviaartieadb i flac btyhset ant he o
esti matbee twidert atfowiitnht rienmseiecbi | i t ya t degirgghdeas e wi
var i ami ¢thhsegv aleceles examplimow hypbesnasmp Itense f2r000nd
10 season at |l nuvik had | obwe s8tk Banrad mdd,i | by yf drn,
| owWRNSE of any aldgdrhdulggiembbs g ofpier h mr mavtati ve

exi stingombdghedgni ficantl y thuentdtiredre aniheeme ampot € e

variabili({ycempaex@gmwecadmddensi ty across the dome
for singlehsli eses i nt rcionnspiact dvde rdiroa bielnist y y( if r @ m ¢
Such omtasbmuer Eureka and every site scored | ow

as a whol e.

37.3ModEBdr ci ng

Theresowmad gorithm runsumwati elhy de gt inmdt ecsnow
was not clear why. Al gor i tshtnr quregcliitbayt Makisc e di d |
forcifgndwtdepth anadndaitrh otseempleirkaet utrhee) t r ai ni ng
accuesattiemat e sn sa$tpysaiofwi dael | vy, it appeansthehat t
densificatiaotnsiwa@pmseanhorndscator ddr adighbad tthhmer
was sughawicamul ati on to pe)kowewmerc,r otwhe en e ed r;

AWS orcing data s houtlhds fnoobté doree pdriessneinstsaetdi vaen do f
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i solate the volume scat tlemrdtoeggamed retorriod wtgii cra | o ff
(e.g. wiShdr smp &e Ho98ng u le ch , I mlokreel yi nbpeers t amat i ng

tundr@oswmawi ons

Fronh gorist nhymaitte swas aa pnpianrienmut m tveldactwe ¢l @ipit éd
esti madenssobsyagt el | ite passive microwave remot e
coglired t o ad @bdsiedrerat i ons after five centi metr
AWS, but the microwave modelling component of
l evel of acsdudiwdabhobnaf f eodt sanlogMhdetnhsmetr@isi) a mfad r
kedgensity estimates comsautfdrstodesalctchuenuil rmitteidalt ov

exhvbil tutme scaerertngiandwad\whe radtgroirentehdnms ocnodnesdi s

—

avol ume ssdadngilhet hegpassive mirnete®ewaventobmer vas i

Ssnow was r epoandedt haet ntohdee IAWSd snowpack woul d b

o

e n sfirtoyn) t hTahti spominnti mum t hreshold forftbe retr
paisse microwavewirledmoitnef osrem sfiuntgur e d@Wwvedopment

conditionesmagisgifmye for estimating densificat
transparentbefoomeé ctrloavta vmisni mu(m i.ssreoitwhdgg @ st h yt hr o
val ue tpoasisniivtei amiecr cAw anwea er etertiag M &lds )a.nal ysi s o
condiadandnsi t e c¢ihnartahcet etruinsdtriac si s required to id
snow density at thanpawpt ogemlicrfoovmnve tskkal &1 g

future.

38Concl usi on
This rheabeanonlstrated a sensitividlysernvedamy

satell paesbasenhi crowavde oplesarntyvaniad,n pWHeamelas ur
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ar.

vaegplpr bac hmoni t or iinmge mentoeVahste mg$ igtoy i t hm was apr¢g
ry |l arge domain with minimal training, owin
chinemoeadnitmgconstrain the evolution of sn
gorithm waguiotremagnocood across the study ar ea,

th decreasing absolute accuracies at southe

Tlkeal gori t hm showerdo neisspee cfioarl leys tgomadt ipng s now
cumul amiitcdhn nearly 50% of density estimates |
certaiimt wadpl edsreef ore, snow density estimat e
eful f omwtapepltihceattiodamss amount of water stora
i mary Howeoern. it was c¢l| earl gtohfdotr lenmonrge acnodmptrrea
utine should be considered in the future, f

stoisme and space.

Future work wild/ build upon this prototype
om passive microwave remote sempsiomdgiceThe ne
atially conti nuofurso mdntodwiersi ebtustietdg vebt s maweden
ti .Mhtadas ses the question spahbwltygp Hdestribatn
timatepati al c oanntdi nhuoowu st oe svtai |l mhdhaetae vseurcyh a pr
raight floe wao v ewalyd olme accoimpt e rsfeldeteihada mugh

ndl a@ainenAkteahati 28R §¢) t he atppkwmarcthi cwadd b
teorologi cawhkfoath di e dat #eMS50 Imetasd rffememt s or
i mat et onofdagulassd s it ¢ emi cr owave retrievals of sn

€ a
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Chapter 4

ConclsasnidonFut ur e Wor

This researchtedempresihbatsedi crowave remot e
est ibmaltke s noawn dd emtmosniittyor changesTlheeal g drei tclomr
emonsgaad edki | | in estimating snow density ac
raitmutngestimacy owmasacrcat cons.iThteerstpaddcrads  att h &

denti fied i n aacgroorsist hsno gopgetheihodiroda @ ceeisdirée cs (ei t |

nowpack related) diff @eoéeeénwargrhadytifi¢énegn ey bet w
on gus at owiAdieaess pi t e those Iissueprotdheecdl pett it
stimates of snow demeitthdldsompaeég,t ohi Beregp
ovel met hod for monitorwhpgcbnafwtdensutyhen r
rovide high quality snow density estimates i

With respect,ftomtéeéecfti ostslhg@®wedseeer saltg oriittyh

ocal fluct uadensisdy pmdadolukeasreovand robust esti

ensitgomerriilogd sgener al, algorithm estimates di
ariabii mntdyati mepeeth € or mandetiempriowwvad e season. T
X plwédyit me alogoounlodkenpritilcamde early observations ( a

epreseihttahe veondi t)i oRisr ® s etaseccolyve mauiingdy f |l uct ue
ot captured byt wpigmad dwhreldes ttihmatsemowpack was

hal(liaovwe. . hEQ edf o es nwalpiakteklayn spar entanaed mher owa
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s at eolblsietrecatuil@dnsnot prouvidhe amy wr Edomadmde,e® n b e

snowpack had s ufbfoircivedtulme matatrhed shgonhg Hdempo
design of thetaregodroirt htnmer enopeierbd delle snowpactk t o
parameté@&haspase.the climatol ogi cal inertia fo
prograssidemen was possibly t oo asntdr opnrge ienmn ttehdi s
model |l ed snowpack fromWaeaol Vv iheg eiohnasa tdoerrseeday e m
togeittheseems tctbhbusdaiptea mlae hf or esti mating the ©b
mautr e s nowpackt he ptpceraéki cBWH ya cachu nmiuhli ast iwoany., t hi s
coul d be weldlr od wigtiedh|t appl i cations where the

of primary concern.

The secomdt gioal t b ens sweacst inoont le x2p,ltihcei t 1y t est
al godietmomspgrreamiesdi ng behaviour &dbraesésmathaeg
tunWhahestrdsdanobmnptnvtedat the distributed den
cont ifniueggudsgn t e ebpeotl vaete n assi tdeeSsecrr@ Ib2eidn eém eitt adi.d  z
provndmetHhaodli st rsinbout edde n s itthjaue sitriemateessear ch can
Moving herwamayt be an alt esmaw idesntdiidiajo mtser p o |
eadWSI nsttremnow fdepdcihoguddt ae ,8 nimel alol | oBbbSentlohwe
snow depthaippré@pthhbti etho apir.ovi2ddel 1sfpat i al |l y cc
data passithe miievawa ips otcke¢ssssowagensi ty coul d be
for each pasgsiive ammldirwiwdawalnlr yga tritaft eh eAWS hp si nt s
modi &perdoa o tceconpitidawgindya pad e @dan lal gor i fthhna ne satni ma
interpol abtye dmapkriondgucuse of the full e tagnt of

greabemput ati onal expense) .
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Therpoti enamioalel v i gut dforrocam tt hi,lse yersck ag £thi mat i
bul k snow denmi tyoWwawven .phBShatahveaitvwenrpgsyext em i n
this algorithm (i.e. the 3D gradienhedescent
introoddetmpodlieorgusitéad s e r uldpshyisiicoaddadge i nto t he
retriewvwalangr onael® btethea wadogsaiesntbaenrgth t o be applied
| arge domain with a very ,t hmiwarble sirmp Ine megn tseadn
fashion specific to gradient desceptimdchionet
model s. Speohtepabklichemame | tolye calbe naeprptliiae df otroc
ot her SD/ SWEb ahgoeasédmal gotimhmiefgf it hiee moyeby

space twhisleemut h gpmreoweanlty ng fluctuations in est
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Eureka Result s, cont
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|l nuvi k Resul t s

Inuvik Testing 2003-2004 Inuvik Testing 2004-2005
MAPE: 28.5 MAPE: 18.1
RMSE:|73.1 RMSE: 443
NSE: -1/719 NSE: 0.077
KGE: 0.067 KGE: 0.626
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Inuvik Testing 2005-2006 Inuvik Testing 2006-2007
MAPE: 16.2 MAPE: 48.5
RMSE42:5 RMSE: 77:7
NSE: -2.031 NSE: -2.814
KGE: 0.323 KGE: 0.427
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Inuvik Testing 2008-2009

MAPE: 27.7
RMSE: 60.8
NSE: -3.49
KGE: 0.084

MAPE: 21.4
RMSE: 434
NSE: -0.659
KGE; 0.399
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Inuvik Testing 2009-2010 Inuvik Testing 2010-2011

MAPE: 68.3 MAPE: 7.2

RMSE: 109:6 RMSE:16:6

NSE: -172.432 NSE: 0.853

KGE: -0.236 KGE: 0.78
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