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Abstract

Snow Water Equivalent (SWE), as one of lded initial or boundaryconditions plays a
crucial role in global or regional energy and water balance, thereby exerting a considerable
impact on seasonal and ssdéasonal scale predictions owing to its enduring
memenpersistenceover 1 to 2 monthsDespite its importance, most SWE initialization
remains challenging due to its reliance on simple approaches basgghtaly limited
observatios. Therefore, this study developed the advanced SWE data assimilation framework
with satellite remotesensing data utilizing the local ensemble transform Kalman filter (LETKF)
and the Joint U.K. Land Environment Simulator (JULES) land moddélis approach
constitutes an objective method that optimally combines two previously unattempted
incomplete data sources: the satellite SWE retrieval from the Advanced Microwave Scanning
Radiometer 2 (AMSR2) and dynamicaltyalanced SWE frorthe JULES landsurfacemodel.

In thisframework an algorithm is additionallgonsidered to determine thesimilatiorprocess
based on the presence or absence of snow cover from the Interactive Multisensor Snow and Ice
Mapping System (IMS) satellite, renowned for its superior reliability.

The baseline model simulation frombleULES wi
perf or manlcaet iitnudhei grhegi ons wi th heavy snow ac
the transition regions with | ess snow and hi
AMSR2 satellhbetpteerd toa maxitiebiitn t he etrman diet iho m !
|l ati tudes, pr es umaobfl yt hdeu es atthoe tthheet @l e dnai ttaaattiionng
dat a as s i remorstratedtime pdsibvA inpacts by reducing uncertaintynreU L E S
model siimul mosbnar eans, nmidldainudeit cahsart ylothe r egi o
transition regiog, themodeb ac kground errors from the enseml
than the observatgiremterurnacres,t ad mp hyalshiez irreg umao d

of this study highlight the benecfointhiibnbitnhgmp ac
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1.l ntroducti on

Snowplays a crucial role in regulating thater,energyand carboexchangdetween th
land surfaceandatmospherée.g., Dutra et al., 201Thomas et al., 20)6A snowpacktends
to increasesurface albedo and soil moistuas thesnow melts (Eagleson,1970)thereby
affecting the climate system through changes in water and energy balaradsstion to local
impacts, the continental snowpack o¥urasia can influence the largealeatmospheric

circulationduring winter (e.g.,Li and Wang, 2014) or in sprin@.g.,Broxton et al., 201)7

Especially the Eurasian autumn snman affecu p wgrrd pagati ng swaavtei onar

actilveiatdyisng at @spher i c warsnirnagt ocasnpdh ew di sk epraon regr |

stream,twhncémengeAr atsi @ ¢~ =Cgliailtdiseat taieanh he sur f

during winter due to downward propagati on
both observation @adg .modzdinddaxpa2n@lnent&Go hen
Furthermorethe interannual variability of snow melting during the boreal spring season affects
surface soil moisture in summer, which has important implications for heatwave development
and emphasizing mechanisms through {atrdosphere interactionS€o et al., 20D).

In thesubseasonal to season@l§ timescals, land initial states are crucial components
in the S2S timescale predictions due to the inherent memory that changesfstoivty 2
months in the climate system (e.g., Derome et al. 2088n et al.2010; Seo et al., 2019). In
particular, the realistic snow initial statesntribute to improving S2S prediction skilks
proven in several modeling studies. For example, previous studies (Orsolini et al., 2013; Jeong
et al., 2013) demonstrated a considerable enhancement in prediction skill of 2m air temperature
up to a lead time of-2 months across certain regions of Eurasia and the Arctic during winter,
depending on snow initializatioMoreover, other studig®rsolini et al, 2016 Li et al., 2019
have revealed that wave activity propagating toward the stratosphere, influenced by snow

initial conditions in climate models, can induce changes in the polar vamtontribue to

4
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the persistence of the North Atlantic Oscillation (NAO) and Al This emphasizes the
significance ofsnow initialization in climate models aan essential process f@anhancing
predction performancet the S2S timescales

Snowstatesi.e., snow water equivalent (SW&9ed directly for hydrological analysis and
initial states of the model(et al., 2019Gan et al., 2021 aregenerallyprovidedfrom in-situ
observationglatg remotesensing retrievals from satelleor numerical moded such aghe
land surface mod€L.SM) operated based dhe observe@tmospherivariables For thein-
situdatasnow depth (SD) measurements prevalil, largely attributed to the challenges associated
with acquiring precise SWE dafakala et a].2011;, De Rosnay et al., 20)4Surface synoptic
observations (SYNOP) serve as the principal source for SD measurefieatsnsitu
measurements offer the most dependable snow information, yet they are characterized by
relatively coarse temporal and spatial resolutions, particularly within limited areas, due to the
spatial heterogeneity inherent in snow distributigielmert et al., 201,8Meyal et al., 202D
Satellitederived observationsising conical scanning microwave instrumemntay provide
spatially consistent data coverage across the gliieet al(2017)showedthe SWE retrieval
results fromtwo passivemicrowave sensors, thehaancedmicrowave scanning radiometer 2
(AMSR2) and the special sensor irowave imager sunder (SSMIS) However, the
algorithms for SWE retrieval exhibit a degree of sensitivity to a variety of pararsatdras
snowliquid water contenaind snow grain size distributide Rosnay et al., 2014Hence
satellitebased SWEdata still have limitations in accuracy,especially under deep snow
conditiors due to thdimited penetration deptfiGan et al., 2021)0n the other handatellite
retrievalcan estimate snow covaccuratelyunder cleasky conditiongBrubaker et a.2009)
Model simulationsobtained fromLSMs and simple snow moded can cover complete
spatiotemporal resolution but involve potentially large uncertaidtiesto thedeficiencies in
the physical parameterizatisrand meteorologicdbrcing data(Dirmeyer et al., 2006; Seo et

5



103 al., 202).

104 Considering that snow observation dathsetitsespective strengths as well as limitations,
105 data assimilation or other data fusion methods can prove to be beneficial for constructing snow
106  statessuch as reanalysis dg&g., Brasneftl999; Dee et al., 2011; Meng et al., 2012; Pullen
107 et al.,, 2011; De Rosnay et al.,, 201&pr example, thesnow analysis fothe Canadian
108  Meteorological CentefCMC) utilizesa 2dimensionabptimal nterpolation(2D-Ol) scheme
109  with in-situ observatiomandthe outputsfrom a simple snowmodel (Brown et al., 2003)The

110 National Centers for Environmental Prediction (NCERNate brecastsystem reanalysis
111  (CFSR combines a multisatellitebased interactive musensor snow and ice mapping
112 system(IMS) as satellitedbasedsnow coverretrieval and the outputsfrom the global snow
113  model ofthe Air Force Weather Agenc{Meng et al., 2012 At the European Center for
114  Medium Weather Forecast (ECMWHhe ECMWEF reanalysisERA)-Interim and ERASor

115  the snow analysiemploy a Cressman interpolation &io-Ol, respectivelywith the IMS, in

116  situ observation, antthe resultsfrom aland surface modéDee et al. 2011De Rosnay et al.,
117  2014). The Japanese 5fear ReanalysifJRA5H also utilizes the 2DOI with in-situ

118  observation, satellitbased snow cover from SSMI&dtheresultsfrom an LSM (Kobayashi

119 et al.,, 205). Given that the majority of the reanalysis datasets rely on snow depth
120 measurements, the SV¢Stimationis likely to introduce potential accuracy concenteen the
121 snow depth information is combined with tlensdensity calculations.

122 Climate prediction systesin operatioml centers such ahe Meteorological OfficéMet

123  Office) in the United Kingdonandthe Korean Meteorological AdministratidiKMA) conduct

124  thesnow initialization by utilizing theesultsof the operational globahified model(UM) and

125 thelMS snow coverwhich solely indicates the presence of sr{@wllen et al., 2011 )acking

126  in its ability to reflect the physical quantity of he initializationat NCEP also performs a
127  similar approach using input data combined from IMS snow coveremodtsfrom the global

6
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SD model (SNODEP;Meng et al., 2012Furthermorethe snow initializatiorof ECMWF
employs optimal interpolation with a combinationre$ultsfrom the LSM, IMS snow cover,
and insitu observation from SYNOP and national networks available on the I&vgever,

in regions where ground observations are unavailllge errors may exist in tismow model
outputs due to uncertainties in atmospheric forcing iamgerfect model parameterization
(Boone et al.2004 Essery et al.2009). Often, thesnow processesarameterizeih LSMs
rely on obsergd properties sampled in limited areas (Lim et al., 2022addition, as IMS
snow cover only identifies the presence of snibw,data assimilation with the satellite snow
cover only is not sufficient anidappropriatdn constraining water and energy conservation.
Alternative methods that consider the physical quantity of snow are required for the snow
initialization.

One approach to mitigate the spatial discontinuity of ground observationssiesatellite
derivedSWEwith wide spatial coverage and frequent temporal resolutiomever, the SWE
retrievals from satellites still have considerable uncertai(fied_annoy et al., 201@awson
et al., 2018 which cararisefrom vegetation and terrain interferensensor signal saturation,
snowfall amount, andimplifications in the underlying assumptions of the retrieval algorithms
(Liu et al., 2015). In particulag region with heavy snow accumulation leads to a significant
underestimation cBWE due to the limitationg penetration deptirom satellitegGan et al.,
2021), so thatsatellitederived SWE is noemployedin the land initialization processin
previous studies various approaches have been attempted to improve SWE product
performance, such as combining satelliegived SWE with ground observatiofRulliainen
et al., 2020) different satellite data sef&an et al., 2021ximple snow modeléDziubanski
and Franz, 2016pr LSMs (Kwon et al., 2017Kumar et al, 2019. However, most previous
studies have focused dargetedregions withlimited groundbased observatisn Siow
initializationin global coverage using satellitierivedSWE remains a persistently challenging

7



153  task

154 Therefore, this study developadadvanced SWE data assimilation framework with satellite

155  remotesensing datasingthe local ensemble transform Kalman filter (LETKdRdthe Joint

156  U.K. Land Environment Simulator (JULES) land mod&h i her €& ar e exi sting
157 SWE dat a asesOgmiiglta tailo.n, 2019; LBmetib aét ,6RO212
158 use of passive mbaseWadvuwd Kthh stemivatcomtsext i s
159 (e.g., Gi r o tThis apmdach a&dnstitutes 210 ébj@ctive method that optimally

160 combines two previously unattempted incomplete data soutoesatelliteSWE from the

161  Advanced Microwave Scanning Radiometer 2 (AMSR2) thiedlynamicallybalanced SWE

162  from the JULES land moddiorced byobseved atmospheric fieldsThe estimated SWE data

163  exhibit better consistence tadditionally using snow coverdatafrom the IMSdata This

164  assimilation frameworklsoenables the assessment of improeat ast provides insights into

165 the reasons behind the performance improvement based on the Kalman gain analysis that
166  measures theelative significance of the input data between the satellite and the land model

167  during the data assimilation cyclehd satellite dathave demonstrateuigh reliability in the

168  transition region®f climatologicallyshallow snow conditions (Gan et al., 20213nd these

169  regions are known d$ot spots" ofstrongatmospherdand couplingthrough snow melting

170  and associateslirface energy and water balasbangegKoster et al., 200Dirmeyer, 2011;

171 Huning andAghaKouchak 202Q. From these perspectives, it wouldibgortantto evaluate

172 the impact of satellites ahe transition regiongs well as on the deep accumulation regions

173  where accurate satellite retrievals are challenghiugthermore, the benefits of assimilating

174  satellite retrievals in extremely highmperature eventsuch as the case April 2020 over

175  Eurasia, can be elucidatdd this regard, we expect thaitsnow datassimilation framework

176  with satellitederived SWE can besignificant in providingoptimal snow initial states for

177 improving the S2S predictidoy globalclimate models.
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2. Data and model

2.1. Satellite dat a

The snow information includingnow coverand SWE can bederived from satellite
measurementsffering global coverage and higamporalas well asspatialresolution For
data assimilationhis studyusesSWE calculatedrom brightness temperature measurements
obtainedby the AMSR2 on board th@apanese Aerospace Exploration Agency (JAXlabal
change observation missiovater (GCOM-W) satellite. This AMSR2 Unified Leve3 (L3)
datasetffers daily estimationof SWE at 25 km resolutionfrom July 2012 to the present.
AMSR2 has a sensor designed to detect microwave radiation naturally emitted from the surface
and atmosphere, employing six frequency bands ranging from 6.9 to 89TGtengh this
conical scanning mechanism, AMSR2 can acquire day and night datasets with nearly constant
spatial resolution over more than 99% of the global coverage every twoQtagprehensive
explanations of AMSR2 characteristiese availablein Imaoka et al.(2010). AMSR2 is
selected fothe assimilation because it produces mapeurateresults by assimilating data
from modern sensofs.g., AMSR2) compared to data from conventional serjegs AMSR
E) (Cho et al., 2017)

The widely used multisensaterived snow cover is IMS (e.g., Ramsay 1998; Helfrich et
al., 2007) produced by NOAA the National Environmental Satellite Data and Information
Service (NESDIS) for the Northern Hemisphere from February 2004 to the present at 4 km
resolutions. This dataset is generated using various data products, includingatellte
images and wsitu observationsl.S. National Ice Center, 200&ince IMS provides binary
(0: no snow or 1: snow covered) snow cover information, we transform the IMS snow cover at
4 km grids to the snow cover fraction (SCF) within akb® LSM grid by counting the snow
pixel number with a value of 1. A 8dn LSM grid is declared as snevovered when more

than 50% of the 4km pixels within the grid are covered with shotiis study, the application

10
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204  of the assimilation process is determined based orldibst®d SCF, renowned for its superior
205 reliability (e.g., Brown et al., 2014). Further details will be described in Section 3.3.

206

207 22 Ref erdeanfcaer SWE and SCF

208 The CMC daily estimated SWE is used for verification. T3ME datais processedsing

209 statisticalinterpolationbetweerabackgroundield derivedfrom a simple snow model and-in
210  situ dailySD (Brown and Brasnett, 2010). In detalljg dataet utilizesoptimalinterpolation

211 methods tacquirespatialSD from thein-situ datg involving SYNOP, special aviation reports
212 from the World Meteorological @ganization(WMO), and meteorological aviation reports
213 (METAR). In areas with scant 1gitu datg a simple snowaccumulation and methodel is

214  employed tacreatean optimal interpolation that estimatgsowmeltandsnowfallworldwide,

215 assuming the persistence of the snowpack mass between snamdathelting events

216  (Brasnett1999. Although the average elevation of snmeasuremergtations useth CMC

217  is biased towartbw elevationg< 400m),potentiallycausing relative negative biases at higher
218 elevationswi t h heavy s n, thevCMCcdataset is lofeettorisidened the premier
219  snow analysis accessible in the Northern Hemispt&rest al. 2010and has still been widely
220 used to evaluate model outp(e.g., Reichle et al., 2011; Reichle et al., 2017; Toure et al,
221 2018). Therefore, the SWE of CMC produced without the sateléiteved data is selected for
222  verification as an independent dataset for evaluating the assimilated analysis with remote
223 sensing snow retrievalSince only dailySD analysis is provideth CMC, it is converted to
224  daily SWEbasedon the snow bulk density methods.g.,Sturm et al., 2010). It is available
225 from 12 March 1998 to the present afters comprehensive coverage of the entire Northern
226 Hemisphere with a horizontal resolution of 24.Khhe SWE ofCMC at its nativehorizontal

227  resolution is interpolatednto the LSM gridthroughlocal area averaging.

228

11
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2. 3. JULES LSM

This study utilizes the JULEGESM from theMet Office (Best et al., 2011), a component
land model othe dobalseasonal forecasting system versiq@&Sea global, fully-coupled
atmosphere, ocealgnd, and seace model The surface typegr snow tiles) in the JULES
LSM consist of four notvegetated types: urban, lama, inland water, andbare soil, as well
as five vegetation functional typeS3 temperate graseeedleleaf treeshrubs,C4 tropical
grassandbroadleaf treegzor each surface tile, separate energy balance@nputedand the
average energy balance in the grdlsis determined by applying weightsttoe value®f each
surface tile. Two schemes are used within JULES to represdgiatesnow(e.g., Best et al.,
2017% Burke etal., 2013. The simple methothvolves azerclayer approach, which modifies
the top soil level without using explicit model layers to represent snow procéksasthelis
the multilayer approachvhich is more comprehensiveescribed irBest etal. (2017J). In the
case of vegetated surfaces, snow can be separated into ground snow and canopy snow or stored
in a single effective reservoiAs both thezerclayer and multilayer snow models provide
similar resultaunder various condition®estetal., 2011), this study used the zéager snow
modelwith constant thermal conductivity and dengady snow. Although the heat capacity of
snow is ignored, the bulk thermal conductivitytive surface layer is reduced as the thermal
conductivity of snow differs from that of the soil and the layer thickness increestmg as
snowpersiston the ground, the skin temperature cannoeed 0°C, yet the heat flux utilized
for melting the snow is diagnosedthe residualn the surface energy balancéhe melted
water is immediately drained from the snow, divided miwoff andsoil infiltration, and liquid
water is not stored or frozen in the snéwdetailed description of the energy and water cycling
in the JULES LSM can be referenced in Best et24111).

The prognostic variabldg.g., SWE)n the LSMare determinetly meteorologicaforcing
variables such a&m air temperature, humidity, 4@ wind speedprecipitation, surface

12
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254  pressureand radiative fluxes. The-Bourly, JRAS5 reanalysisat 0.560 spatial resolution is

255 employed for the meteorological forcing variables, which is linearly interpolatad®dkm

256  resolution of the LSMThe modebackground erroneeded for data assimilatiamestimated

257 by JULES ensemble runs with perturbed initial and boundary conditimikwing the

258  previous studiegReichle et al., 2008; Seo et al., 2021), meteorological forcing variables are
259  perturbedo account for the uncertainties in these variglasgeciallyprecipitation, downward

260 shortwave, and downward longwaveerturbations are applied using additive adjustments
261 assuming a normal distribution for longwave radiation and multiplicative adjustments
262 following a lognormal distribution for shortwave radiation and precipitatias guided by

263  previous studie§Seo et al., 2091 Here, the ensemble means of additional and multiplicative
264  perturbations areeroandong respectivelyThe relationship between disturbed precipitation
265 and radiative flux ensures the physical consistency among atmospheric forcing variables
266  (Reichle et al., 2008)For instance,a negativeanomalyin precipitation and downward

267 longwaveradiation is statistically linkedto a positiveanomaly of downward shortwave

268 radiation Detailed explanations regarding the perturbation of atmospheric forcings can be

269 found inReichle et al(2008).

270
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295

3. Met hodol ogy

3. 1. Bias correction

The discrepacy in SWE between remote sensing and LS)ften arises due toncertainties

in themodel physicand forcing datand satellite retrieval§heseuncertaintiesan lead t@
significant discrepancyin SWE between model simulations asdtellite remotesensing
retrievals potentially degrading performanckn previous studiege.g., Reichle and Koster,
2004; Seo et al., 2021), a scaling method of the nonlinear cumulative distrifwriction
(CDF) matching is used to account for the systematic bias of soil moisture in the model
backgroundsHowever, unlike soil moisture, SWE presevasyingcharacteristics in the CDF
distribution acrossdlifferentregions, such as between high and low latityidhess requiring the
estimation of distribution at each grid poiAs a result, the insufficient sample size hinders
the clear simulation of the CDF distribution, posing challenges in its appliciboaddress

this issue, we attempted to apply a simple and effective standard normal deviation scaling to
satellitederived SWEat each grid pointonsidering its potential use as initial conditions for
JULESLSM-based climate modelBased on the climatology and standard deviation for the
model and remote sensing retrievals, the scaled 8WE ) from the satellite can be derived

from the following relation:

0 —_— ., 0 (1)

where U (,, ) and 0 (,, indicate climatology(standard deviation) of remote sensing
retrievals and the model, respectively. This approach has been widely utilized in observation
basedandinitialization and has proven to be effectifeeg., Koster et 312011, Jeong et al.,

2013.
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32Datassi mil ati on met hod

The snow assimilation onductedased on the LETKFe.g.,Hunt et al., 2007), which is
utilizedto combinaemotely sensegktrievals withthe LSM model output&.k.a. backgrounds)
at each grid pointo produce a snownalysis.Unlike variationaldata assimilation methods,
nonvariational approaches (i.e., ensembésed filters) characterize a probabilistic
representation with the spread of the ensemble serving as an estimate of forecast uncertainty.
LETKF hasseveral advantages over othgata assimilatiormethods. First, LETKF can
efficiently handle large datasets and hdjmensional state variabldsy localizing the
covariance matrixThis offers efficiency in parallel computingakingit suitable for reatime
forecasting antligh-resolution datassimilation In this study, the horizontal local patch size
and the localization length scale parameters are defined as 150 km and Gakia 1),
respectivelyThis approach involves the weight function for the covariance localization within
the local patch centered at the analysis grid (e.g., Houtekamer and Mitchell, 2001; Hamill et
al., 2001). This function assigns larger errors to observations located farther away from the
center of the local patch, as proposed by Miyoshi and Yar(®0@7), depending on the
Gaussian functiarSecondly, the method utilizesnodel simulationensembleso capture the
uncertaintyin the initial statesandbackgrouncerrors, which allows for a better representation
of theflow-dependent probability distributiasf the state variablegkat varyin time and space
Third, the LETKF employs an inflatioparametetto adjust the ensemble spread, ensuring
realistic uncertainty estimation by accounting for background erftwsunderestimation of
the analysis error covariantetypically issuedy spatially and temporally constant boundary
conditions and observation errors and limited ensemble members. Basedstanttzdized
LETKF, this study applies multiplicative covariance inflation of 20% of the spread®4f
member ensembldsr each data assimilation cycleurthermorethe Kalman gain analysis

(Seo et al., 202]1)which quantifiesthe ratio of the background error to thatal error
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345

(equivalent to theum of the background and the observation grni©conductedThis analysis
serves to determinthe weightsassigned tassimilated observations in the analysis update

processesf the LETKF.

3. Sdawasi milation desiagn

This studyconductsthe advancedaily cyclesnow data assimilation experimenteaich
girdarid pointusingthe LETKF based orthe satellite datandthe JULES LSMmodel outputs
driven by 3hourly JRA55 reanalysestmospheric forcingr hesnowassimilatiorprocesses are
illustrated in Fig. 1, witha more detaid description in Table .1Since data assimilation is
conducted by considering the error of SWE in both the model and the observation, it is
important to accurately understand the observatiod backgrounderrors to improve the
performance of data assimilation. The experiment calculatdsatigrouncerrorfrom the24
ensemble member spreagisnerated by perturbing atmospheric forsisgch adongwave
radiation,shortwave radiatignand precipitationin JULES LSM,as provided in section2.3.
Due to the absence of precise error estimates for AMSR2 SWE retrievals, the observation error
is conservatively prescribed as 10% of AMSR2 SWE for each grid compared to the previous
study utilizing AMSR2SWE data(Lee et al., 2015), considering the general increaskeen
errors during the snow accumulation period with the development of deep snqwpstek et
al., 2005; Cho et al., 2017Here, the biasorrected AMSR2 satellite data as described in
section3.1 is used as the observation data, and the updatedanalysis stat¢hrough data
assimilation becomes a new initial state for the next integration in JULES(E®ML). In
addition, the analysis state of this method is calculated based on the IMS snow cover fraction
as follows (Fig. 1). If the SCF from IMS is 0, the snow analysis is sadrtp otherwise, it is
derived through data assimilatiorhe reason for this is due to the importance of the presence
or absence of snow in the climate system, as well as the high reliability of the IM@.data

16



346

347

348

349

350

351

352

353

Brown et al., 2014) A backgroundexperimentof JULES LSM without satellite data
assimilationas a baselingeferredto hereaftelasfiOpenloom) is also achieved by employing
the same ensemble perturbations, thereby measuring the skill improvemernhdrenow
analysisstatethroughthe assimilation ofsatellitederived SWE andMS SCF fromsatellite

and surface observatioffeferredto hereafteras iDA0). All experimens are conducted in
April from 2013 to 2020, which is one of the months with low snow performance in the LSM
when the snow begins to melt in the Northern Hemisp{eege, Toure eal., 2018; You et al.,

2020.
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354 4. Resul t s

35 41.SkiVeri fication
356 Figure 2displaysthe climatologicaimeanSCFfrom thelMS multi-satellite datgBrown

357 et al., 2014) anthe differencedrom IMS for AMSR2, Openloop, JRA55, and DA for April

358 20132020.Here, the JRASSWESCFserves as a reference dataset for comparison with other
359 reanalyseand is associated with meteorological forcing data used in the JULES land surface
360 model.April is a seasonvhen the accumulatechew during the cold seasdiegins tomelt

361 This study defines thigansitional region witla climatologicalmean SWEof less tharl6 mm

362 as in previous studiee.g.,Gan et al.,, 2021)the boundary of these transition regions is
363 represented by the black lines in Fig.The transitional regianexhibit large variability in

364 space and timeand theyare nainly located at miedatitudes.The SCF climatology patterns

365 show negligible differences in high latitudes of heavy snow accumulation bubticeable

366 differencesin the transitional midatitude regios of less snowSCF from JRA5%ends tabe

367 underestimatedompaedto IMS, whereasAMSR2 andOpenlooptend to @erestimateThere

368 is a cleardifferencein SCF between AMSR2 and IMS satellite dafais study gives more

369 credibility to IMS than AMSR2, as the former is based on multigteléte data sourcgg.g.,

370 Brown et al., 2014)As we used the IMS SCF to define the snow region to be assimilated by
371  AMSR2 SWE it is natural thatDA shows better consistency with IM&nd redues

372  overestimatiorbiases in Openloouantitativay, the root mean squaddferences (accuracy

373 defined in supplementary Table 1 as in previous gtimyAMSR2, Openloop, JRA55, and

374 DA with (from) IMS are 023 (0.97), 0.18(0.91),0.13(0.93), and0.13(0.97), respectively

375 showing the bstconsisteng in DA. The quantitative differences between DA and other
376  experimental results are minor, but noticeable spatial discrepancies exist, particularly around
377  transition regions.

378 The SWE climatology from AMSR2, Openloop JRA55, and DA isalso comparedvith
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CMC as a referencen Fig. 3 The SWE derived from AMSR2 shows a significant
underestimation compared to CMC, particularlyharegionswithh eavy s now accumt
at high latitudesThis is presumed to be due ltmitations in satellite sensors detecting the
depth of snow(Gan et al.,, 2021)The SWE fromJRA55 exhibits characteristics of
overestimation in high latitudes and underestimation in transitional re@artbe other hath
the climatological SWEs from@nloop and DA exhibhigher correspondence @MC, even
higher thanJRA55. Specifically, DA demonstrates a higher agreement with Cidspite the
marginal difference compared to OpenloQuantitatively, the pattern correlation coefficients
(root mearsquare differences) for AMSR2 p@nloop, JRA55, and D#vith (from) CMC are
0.63(80.7kg/m?), 0.80(50.1kg/m?), 0.60(100.8kg/m?), and 0.80149.9kg/n¥), respectively
Due to theapplication of standard deviation scaling to the sateleievedSWE used in data
assimilation, the discrepancy in climatological SWE distributions between DA and Openloop
is deemed negligibleDespite its similarity to Openlog®A with snow data assimilation
displaystherelatively highest correlatiomnd thesmallestroot mean square difference among
the datasets

Next we ctomgearrpeor al o 8V&f as measured by the
correlation co,efhfiichi e nst meirgeahr d@WC€C apsr i ate t ha
correlation coefficient for describing datas
in both tiFneguarned 4s pcaccrepar es t he sdireotmr AMSER20o n
Openl dbRAEMMAAOpen|l oop has a high performance
accumul ation but relatively | ow performance
changes. I n contrast, the results from the A
hi¢glt i areecwi t h heavy snow accumul atatoengijbarns hi
consistent wit h(Ganletal, pOR1¢ vE d olwisgh upgle refsor manc e
i n dhiag hatreedaevi t h heavy snow accumul atEivem but
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compared to JRASpheaemsied faer ¢t beognd tebnptotrearl ivmr i a
The quantitative results in ohefNddbhreeltatainent
region)( Oa)ySeft A MERZ,0)X.8@BENnI.opG. 58) for JRAS55,
(0)61Lor DA, Thespeaotdi nwglsy.i ndi cate that satel!]l
i n capturing tempor al var,iiantdiiocnast i h g r augeh bc
assimilating the aAMSERAWBWEpdetpr mantheof t he
The performance idisnpalove mewi d-dodwé rDaAged heozmoal
coefficient shown in Fig. 5. The AMSR2 sat
Openl oop in the transi°5bB8\halrtelgo wgh apeomufnar rmart
decreases with i ncr e apk@inn go ccgant oewa d agcrcaudmuual laltyi o i
perfor mamleaet idaude winthedshe highest °NoBAf or mai
denctugpepearofror mance acr os sr et,h ee siNooerctibhelr tmyitiduedrel s
transition r eogdi PAS StAmMare xAMPRINon ni & hfeoMi DBt an
where JRABS 6bmsedviak i o aswd ¢ ehsatt the devel oped
assimilatriepm es wysotts nomd lyl athegitomasishetgoahso wi h.
hi gh ascrcauwnul ati on that are difficult to det e«
Figupree iemd sSpear man demekndcionrgr edmattitoen SWE
Northern KH&MIBRpikxirtes Ipiegh or manteophédonr OSWE u
mm. However, tonfe ApPVESIRf20 ramaanbcgey gnddechanas thr es
Openl oombsehbws p€ohgi maeane. wiktbhsmhatigas uldt an
DAdemonstrates sug®empanmr e ¢ & Mfod redmditAepre r fsor m
significiamttihgebei domfs ilteiso8nmbrheags®En s i d e rhieng t h
area bmeamofw SMBEE ounts for appeonXxi matidovoegadbaRn ol
Hemi spherehown in theéhpidathamtsiindeFnatpiifoila)bilr
and it can contribute substantially to the i
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foll owst rtihbeu tdiiotnhce$ I mia k ank awablcuad s . The §fackgro
originating from thed24ghenswvmbiag¢Emeceenregi b
mi-dati tudRatreegaosismi | ati on met hods sdaleas L
challiemgeascurately representing background
insufficient. Generall vy, the magnitude of er
mean sSqUaRMSEHDEmneemblienstpphmieadst udy demonstr at
magni tude i n c®&®&W©BS&Er asonl| WEslYr aihnedi ciant i ng t ha
esti nvotreedo.ver , the standardized distribution
e X hsabiqtwasissi an distribution centered around
a closer resemblance to a standar dihzee ds p&Gat u
di stributi oni ®ifg,Kas8iomgame fgfao anmepr coeviesnemhh ser ved
transition regions, where Kal man-lgainsdexlaik
with substantial snow accumul ation, there 1is
These fgrnedainlgtsh at he bar graph in Fig. 9, whi
functi on ofl nSWEeamoeugnito.n e n croengwaistrshi nSQWE haem ot ur n
bel omm20t he Kdil sm@halgaimi ghest values, partic
SWE amount increases, the Kal man gain decrea
t he SWE amouhQ@mn eoarc hkeusg t8e0e r mor e , i n tthes ar ea

i mproved skiOboOentompar etet &al man gain.shows v

contrrealsat,i vely | ower values below O0O..9hamse o0b
indicates that in the dominant areas of per
region, the background error is significant/
substanti al influence ofltobbser Yatuinadng hian a&a
sensing retrievals are well refLiISsMchreadugm trlee

snow data assimilpeéiobor mgscem, mpeade mgnt o
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4.3 Val ith&WBoirhefextreme event

I n April 2020, Sibkreakiexgpgeheanwavwe awirtelt otr |
aver age tTemspsecriait e set.ipgpatehgnmfiet s of snow ass
satellite data for the ®eas®gioblistbheudDed Batbe
strong pol ar vot hWAOa mpt c bdnpraihn g dwibryt er as a n
t he col de ggy@weesrilaann d ,2anpdA dWaintgi onal | vy, it has &
the occurrence of high temperaturassioci ahed
wi t h -slcarlgege at mospheric waves in the wupper
originating (DbemAn del iIAdAlsatat arlce.s,u12t0,2 3r)emar kab
occurred due to the high surface temperature
extreéemel wal ues of SWE an2 SiGé sacndiept ente dwi rr
studi es ar esp gunstinfoowg adneipnl e20 2 | (Gl olkekgel &@& 2 gan
Especi alsl yshowmMsiigniHiigc.ant negative anomal i ¢
predonoivndarmeé t rraegiSawmbenant i al snow mel-t can
breaking heatwaves through albedo feedback a
heat fluxes from the exposed surface, coupl e
(Coll ow e€olaleaw aR02d®no2nst rated that the exp
to up to 20% of t he temprerapuirielgi s @i2mpllyi ecv
i mportance of real i stgiloobat@Wwe dnomiedféads t stt laed e s
Si breri agii bt r e mMee mp egrhat maekedebysthe red box
shows a better agrdewmeshowi tbntdhei ernsr emepegc
region, coOpearleodgtortisael t s caorne | deied enfgts ew lveant |
t-onodel rati o ipnertcheantt ardedgM®@Hn . C BI8h®R)3PE ok o ®p and
93 %89 %) for DA, I ndi cating that DA with sno
ef f ecrtepvleilcyat es t he oibs ec ompa SpnedmnSdoepp.tl matril gyn t
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5Concl|l usndndi scussi on

The advancedWE data assimilation is developed in this study with e L ETKF dat
assi mil atamithh emedt oS L SM. The swastteerm eaqgsusiivna ll
retrieval s fr osm AW SRBeastitates knvbBjective way to optimally
combine two imperfect datources for SWE from satellite remote sensing data and the land
surface model simulation forced by observed atmospheric fidtai s s t sutdhya t s htohwe
sat edlelriitSwdEd has l i mi tations landpeerhrbittiad
di screpancy from the SWE obtained $WBM the
assimilation in this study proves the benefi
better analysis quality by dynamically bal an
the model shackgr ound

't is found that the simulation from Openlc
hi¢g4kltitude regions with heavy snow accumul a
transi ti omurceng ivaansnaastwtolmp ac¢e &odttameingly,
satellite data reprebanitpoerrepgeedmast mMhket ge bk
perf or mdtrerceen 9 int iTchre rSeAMEi d mo.m & & & i IEoTnESH i sdtaet nat |
e X hibbeitptserrf or man c et hcen ncaa potl wrgiyngand t emporal v
ot her . rsepseuclitfsi cal 'y i mphewlestdtthued ea ntasltaynssitist iioni
covaeprproxi mately 53% of the entite Bmsbhésunt
mo d el back grsdu nida beerdrt ohres rmasieenbsliegni fi cantl y |
observatt bhenr eby oresf,l ecting satellite infor ma
data assimilation also proves reliable repr
ensembl e spread andal adejtertiamvcaelost.@ali nt gurninngd hte
breaking heatwave in Siberia in Apri/l 2020,

high surface temperaturesous mopowompal §8i b ace
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the Openloop.

Thissnow adsastiami | ati on framework is anticipat
prediction of atmospheric conditions by rea
at mosphere and | and, given the substanti al [
the interface of .$meciaftimoalplhye,htet dmmnsdi tdig@gda le sr
with high spatviaaliyabhrediteargpoanaal ysi s of sno
pronounced variability in the continental i
i mproving the prediction ofcl exmotdeenes . h eTaehti vsa vs
used the grifdrdemdi CMCodéae®myv dthieornwsal i dati on. A
snow data @amue€e hswhjcect ataoty and | imitations,
concl asdliogqrsibfeinceafnitt s of optimally combining
model simulationasthmanegth oldbBTKF dat a

The quality of the albhsee rdvaatai oans sbianli e irdiun eodnl s
snow cover exhibits a significantly higher a
has restricted performameter athigosad emthm 8§ e mis & ¢
relies heavily on estimpabbbemadtgopi e Wimsus Ds
operational centers -pgeiimaed| gyndwpeadeonf erlat s
Howewvwédre, findings from this study highlighte
derivedaSWE¢ul ar |l y i nt rtahnes irta poind liayhdecaleba hvga rniga b
i's more important in closing surfaNevemtehgle
areas of sigscadlieaacecuihatiaoge suexpasi ¢ hee d
significant uncertainty and degraded perforr
data assimilation effects. As the performanc

to adtvlhece , i bdussuwséetd mor e
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814 Tablel.Description of the | and surface model,

815 designs.

I NFORMATI ON REFERENCES

Land Surface Model JULES Best et a l

Atmospheric Forcing  3-hourly JRAS5 reanalysis Kobayashi et
SnowObservation AMSR2 & IMS Imaoka et al., (2010)
Ramsay (1998)
Helfrich et al., (2007)
Data Assimilation Local Ensemble Transform Hunt et al

scheme Kalman Filter (LETKF) Miyoshi and Y

Resolution (km) 0.5°x0.5° (~ 50)

1-day DAcycle

Localization patch size 313 (150) ,
(km)
Ensemble sizes 24
Experiment period 20132020, APR
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