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Abstract

Snow resources worldwide are undergoing extensive changes in response to widespread and
rapid changing of the global climate. These resources are viteny areaand changes to

them have and will continue to impact human societiesecosystemnia cold regions. The
research presented in this dissertation entails the assessment and comparison of historical
trends in the climate and snow regimes and the projection of these trends until the end of the
215 century, under different emission scenarios. Téslts show that extensive changes
have occurred to the frequency of Northern Hemisphere (NH) snow cover since the
beginning of the ZLcentury, as estimated based on remote sensing data from the MODIS
satellite instrument. The future evolution of NH gn@sources was modelled for the period
19502100for each of th&1 downscaled and bias corrected CMIP5 climate models for two
emission scenarios (RCP45 and RCP&ihgthe Snowl7 model. The simulations show

that the Snow Cover Frequency (SCF) is in galarojected to diminishubstantiallyacross

the NH. However, th&lH 15 April Snow WatelEquivalent(SWE)is projected to increase
slightly at the beginning of the peripdriven by increased snowfall at high latitudes in the
Arctic and then decline bkdo 19501975Ilevels under RCP45 and 10% under those given
RCP85 These trends were analyzed specifically for Icelandic circumstances revealing a
trend of increasingCFin manyparts of the countrgver the period 9302021, whereas

the simulated resuligroject a decrease in S@Eross Iceland between 1950 to 2100.

PDtdr 8t tur

Snjéaudlindir vidsvegar um heimirgru na breytingum undiropnar i kjolfar hnattraeenna
loftlagsbreytinga. Pessar audlindir eru mikilveegar vidsvegar og breytingar a edlhpédrra

haft og munu halda afram ad hafa ahrif & mannleg samfélég og vistkerfi & kvoldum svaedum.
Rannsdkn su er birt er i pessari ritgerd fjallar um greiningu og samanburd a ségulegri préun
loftlags og snjos og gerd forspar um pad hvernig veentar loftlagsigraytmunu hafa ahrif

4 snjoéaudlindir ut 21 dldina midad vid mismunandi svidsmyndir i hlyMNi&urstodur
rannsoknarinnar syna fram & ad vidtaekar breytingar hafa pegar ordid & snjopekju a Nordur
Hveli jardar (NH) fra byrjun 21 aldarinnar utfra fjarkbnnugdgnum fra MODIS
gervihnattamaelinum. Spad var fyrir um framtidarpréun snjdéaudlinda & NH fyrir timabilid
19502100 med Snowl7 snjolikaninu atfra 2CMIP5 loflagslilonum fyrir tvo
hlynunartilvik (RCP45 og RCP85). Nidurstddur likansins gefa til kynna ad si§dhulu

(SCF) muni almennt minnka verulega um allt NH en ad hinsvegar, muni medal ramal vatns
sem geymt er i snjéaldgum NH aukast litillédpyrjun timabilsinsadallega vegna aukinnar
snjokomu og nordleegum breiddargradum innan nordurheimskautsbeEugsnnka svo

aftur ad pvi sem var um 1950 fyrir RCP45 en 10% nedar en svo fyrir REP83n i loftlagi

og snjéaudlindum var rannsokud sérstaklega a islandi, sem leiddi i lj6s tolfreedilega
marktaekta aukningu & SCF storum sveedum fra aldamotum, spa umspjéandlinda ut

21 oldinagerir hinsvegar rad fyriverulegri minnkun & SCF i 6llum haedarbilum 4 island
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1.l ntroducti on

1.1 St at ement of pur pose

Snowand iceplay a significant role in theurface hydrological cycle in large padfsthe

world, primarily inmountainous areas aatiove40° latitude (e.g.Adamet al.,2009) Snow
accumulates on the ground when precipitation falls at temperatures below the freezing point
of water, where it stauntil it melts or sublimatesSnowmeltbegins tooccur when the
temperature of the accumulategow cover increases above the melting point. The thermal
flux between the snow and its environmesmitriainly governed by local meteorological
conditions, whichin turn are determined by the regional and then global climate. As snow
melts, the water finds its way into streamages,and riversvhereit may provide important
ecosystenfunctiors as well as water resources for human communities.

Water resources magers seek tatilize the snowresource as efficiently and responsibly as
possible.In current practiceinformation about the state of snow combined with
meteorological data to model changes in the snow cover and derive important parameters
relating b the state of the snqw.g.,the water stored in sngwhe timingof snow meliand
thevolume ofmeltwater In a changing climate these parameters can be expected to change,
and the nature of these changes may vary by region. Understanding how snoev\aifid i
change with changing climate is, therefore, important for water resources managers in cold
regions across the globeo estimatefuture infrastructure requirements and resource
availability.

1.2 Research objectives

The doctoralresearchof pastand futurechanges tdhe snow conditionsvas structured
according tahe following main research objectives.

Identify theenvironmentaldrivers ofsnow and icenass

Research objective 1
balance

The first objective ofheresearclwas to investigate theelationshifg betweerthe snowand

climate regimes and to identify the dominant climatological and meteorological factors that
govern snovandice mass balanc&o accomplish this objectiie seasonal mass balance

of the Braarjokull glacier was used ascase study. The relative importance of different
meteorological,climatological, and hydrological conditions in determining daily and
seasonal mass balance of the glacier were assessed, using both statistical and physical
modelling approache3he findirgs of the analysis of key drivers of variability in snow and

ice are discussed Bection3.1



The obtained results of the statistical modelling framework is publiabeh article with
the title Statistcal summemmass balance forecast model with application to Bruarjokull
Glacier, SoutkEast Icelandn the Journal of GlaciologfEythorssoret al, 2018) presented
herein as Appendix A.

o Assess and compare historical trends inghewand climate

Research objectiva :
regimes

The results from resear€bjective 1 reveal a correlation between Idegn climate trends

and glacier mass balance.e€baresults are congruent with multiple studies on the climate

impact on glacier changése . g . Christian et al ., 2018; (ONol

2012) Daily snow accumulation and melt behavior is largely dependent on short term local

meteorolgical conditionsthus, short term €10 day) snow predictions may be achieved by

using meteorological forecasts applied to a snow mobded reliability of shorterm

meteorological forecasts decreaasdeadime increases, howevesgasonal mass balanc

can to some extent be predicted based on climatological condifions, nedium term (2

4 months) mass balance predictions can be accomplished using information on the state of

the snow and its surrounding climatolagyplied to a snow modeélo achievdong term (%

100 years) predictions of snawver, climate forecasts must be used for modelling.

Therefore, aalysis and comparison of historical changes in snow cover and climate is the
main topic of researclObjective 2. Changes in snow cover vary, amé@ve varying
significance for water resources management in, dependinghenregion Thus
understanding the historical spatemporal relationship between the climate amdw
conditionson a regional scale is important for successful adaptation of wedeurces
management to climate change.

In this researclrecentchanges to climate and snow conditiomghe Arctic were used as a

case study. Changes to snow cover were estimated based on MODIS satellite data while
changes to the arctic climate werstimated as changes to Kopgeeiger(KG) climate
classifications calculated from an ensemble of 21 downscaled Global Circulation Models
( G C MAde)bhserved changes were compared in 10 regions of the dwetithe period

of MODIS observations (2062016) revealing varying responses of losalow conditions

to climate changes in the region. The findings of are discussatiion3.2and3.4.

The result=f the analysis and comparison of historical changes in the snow and climate
regimes across the arctice publishedis an article with the titl&rctic climate and snow
cover trendg Comparing Global Circulations Models with remote sensing observaiions
the International Journal of Applied Ea@bservation and Geoinformatig¢gythorsson et

al., 2019)presented herein as Appendix B

Estimate future changes snow conditiondased on

Research objectivé: predicted climate changes.

The analysis of climattrends across the Arctic showed that in all but the 3 northernmost
regions there had occurred a statistically significant change in @e¢homostommon KG
climate classes over the study period. In the 7 regiamsre, significant changes had
occurredto the climate, the largest changes to the Snow Cover Frequency (SCF) had also
occurred. The analysis of snow cover trends revealed that at lower latitudes SCF had
decreased during the period, while further north by the shores of the Arctic Ocean, SCF had



increased. Averaged across the entire Arctic SCF had decreased by 0.91 daysitedade

is congruent with other recent findingsori et al., 2017; Liston & Hiemstra, 2011; Yunlong

et al., 2018)The climate trends were forecast until the end of the presdntyeand showed

that warmer climate classes will continue to replace the dominant climate classes in the
Arctic, tundra,and cold summer climates throughout the present century, even under a
scenario where global radiative forcing by greenhouse gas ensgsigtabilized by 2100
(RCP4.5. Hence, taunderstand whether the observed trandsmiow covein the Arctic will

continue given the expected climate changesstioswsr e sponse t o these cl
needgo be modelled.

Thus, the main topic of searchObjective 3 is to estimate and analyze future changes to
snow condition®ased on different climate scenaribbe main source of uncertainty in the
future progression of climate changefuture anthropogenic greenhouse gas emissions.
Understandingnow snow conditions respond &m emission reduction scenaa® compared

to fbusinessasusuab emissions is fundamental to adaptation and mitigation policymaking
on both a regional and global scale.

Predicted changes to KG climate classifications actios globe have been estimated and
published as an article with the tithectic climate and snow cover trendsComparing
Global Circulations Models with remote sensing observatiotise International Journal of
Applied EarthObservation and Geoinforriian (Eythorsson et al., 201@resented herein
as Appendix BThe findings are discussed in Secti@Band3.4

In this researcliuture snow conditions were modellexthd analyzedcross the Northern
Hemisphere (NH)A snow model $nowl7) was run with climate projections from 21
downscaled GCSs for both an emissiomsstabil
usual 0 emi ssion scenari o ( R&EtBn35)heresultse f i n
from the simulation of snow resources across the NH have been submitted as an article with

the titleProjected Changes to Northern Hemisphere Snow Conditions over the peried 1950

2100, given tweemission scenario® the journal Remote Sensing Applications: Society

and Environmentpresented herein as Appendx (Eythorssoret al.,2023).

Furthermore, these results combined with the histotiealls in the climate/snow regimes
were used to estimate future snow conditions in Iceldimg@ findings are discussed in
Section3.6 and publishedas an article with the titi®©bserved and Predicted Trends in
Icelandic Snow Conditions for the period 193000 to the journal The Cryosphere
presented herein as Appendix(Eythorssoret al.,20233).



1.3 Di ssertation organization

This dissertation iscomposed two parts. Part | contains the followfogr chapters:
Introduction, Background, Applications and Resultsnclusionand future perspectives.

Thelntroductionchapter contains the statement of purpose and outlines the objectives of the
doctoral research presented in this dissertation. It summarizes the motivation for the research
described herein and describes how these results have been published and tisstmina

the research community. TlBackgroundchapter describes the state of knowledge within

the fields that concern this doctoral research. It contains an overview of the state of climate
change, both globally and in Icelaride state of knowledge abqp#ist, present and future
changes to snow resourcéise methods used to observe changes to snow resaundes

lastly the state of the art in snow modellifige Applications and resultshapter describes

the results that have been achieved in of thisadaktesearch with appropriate references

to the four academic papers that have been prepared or published because of it. The
Conclusion and future perspectivekapter summarizes the findings of this doctoral
research, how they relate to the present stiak@owledge within its field and which future
guestions they pose.

Part Il is presented as an Appendiith the scientific papers which are based on this work.
Two ISI papers have been published based on the research presented in the current
dissertation. The manuscriaif thethird andfourth papes have been submitted and are in

the peer review proces3he papers are presentedfii as appendiced-ollowing is a
summary of the outline presented in of each of the papers:

Paper 1: The main goal in this paper is to develop a comprehensive framework for
developing a site specific and optimized set of melt models, given a wide range
of environmental datato forecast the seasonal glacial mass balance in a
catchment in Eastern Iceland.

Paper2: The main goal in this paper is to estimate the historical spatiporal trends of
changes in the climate and snow regimes based on extensive distributed
environmental datasets. The observed trends are analyzed and compared across
the Arctic.

Paper 3: The main goal in this paper is to simulate future snow conditions under different
climate scenarios using spatially distributed environmental data and a conceptual
snow model. The simulated spat@mporal snow characteristics are then
analyzed amss the Northern Hemisphere and throughout tRec@dtury.

Paper4: In this paper the historical trends the climate and snow regimes which were
estimated in Paper 2 are compared to tha&tinobserved trends in both regimes
in Iceland. These are conmeid with the snow simulations from Paper 3 to derive
a plausible forecast for the evolution of the Icelandic climate and snow resources
under different global emission scenarios.



2. Background

21 Hi storical and predicted chang
cli matesaow regi mes

2.1.1 Global trendsin climate and snow conditions

Climate Change

Thejust published™" Assessment Report (AR6) by the Intergovernmental Panel on Climate
Change (IPCC) states that tkeientific evidence for the anthropogenic warming of the
atmosphere, ocean and land is unequivocal, that the scale of this change to the climate system
is unprecedented and these changes are already affecting every inhabited region across the
world. The clanges observed to global surface temperatures to date will continue until at
least themid-21%' century under all emission scenarios causing many changes in the climate
system, including further intensifying the water cycle and its variability. Many skthe
changes are irreversible on the scale of centuries to milléRGL, 2021)

To derive such predictions the research community employs a range of climate models,
which simulate the global climate system based on fundamental physicalatavs
knowledge of the initial state of the systo explain and predict the movement of air, water
particles,and energyDue to computational limits the spatemporal resolution of these
models is restricted, although the model resolution continues to increase with further
advances in computationstiences. Climate models which model the circulation of mass
and energy over the entire globe are referred to as General Circulation Models (GCM) and
are used as basis for predicting future changes to the glinaltte. The Coupled Model
IntercomparisorProject (CMIP)is tasked by the World Climate ReseaRtbhgram(WCRP)

to assess the performance of competing state of the art GCM and to summarize and
disseminate their findings to policy makers, research communities agerbkeal public

The 8" phase of the CMIP project has recently been concluded with 23 Géfigkérsed
models which were used to lay the scientific basis for the policy recommendations published
by IPCC in AR6(Eyring et al., 2021)

As stated in ARG the results of CMIP6 showttlylobal climate system has been changing
rapidly since the start of the industrial evolution and that these changes will continue at least
until the middle of the present centuyyee et al., 2021)The results of CMIP6 have been
applied at global and regional scale to investigate different climate change impacts. Among
the projected impacts are increased drought risk and se(@abk et al., 2020; Ukkola et

al., 2020; Zhai eal., 2020) increased flood risiHirabayashet al, 2021; Santet al, 2021)
increased monsoon precipitatig€hen et al. 2020; Wanget al, 2020) changes to the
intensity, frequency and distribution of tropical cycloriEsanuel, 2021; Roberts et al.,
2020) rising sea levelgHofer et al., 20@; Jevrejevaet al, 2020; Lyuet al, 2020)
decreasing snow cover, especially in the Northern Hemisphere(iilryk et al., 2020;



Paik & Min, 2020; Zhu et al., 2021ecreasing concentrations of sea ice in both the Arctic
and Antarctic sea@\otz et al, 2020; Notz et al., 2016; Roach et al., 2020; Shii,2@20)

and increased melt rates of the ice sheets in Greenland and AntéBcticagirdle et al.,
2020; Hofer et a) 2020; Nowicki et al., 2016; Payne et al., 2021)

One way to visualize and parameterize climate change is to classify different climate regions
based on some abstract categorization of what constitutes a distinctive climate, in terms of
climatologicalparameters such as air temperature and precipitation. Thus, climate regions
that are similar in some physical or biological sense can be identified and classified. One of
the most common climate classification systems is the Ké@@ger systen{Koéppen,

1884; Koppen & Geiger, 1968)which has beemsed ina range of studies imarious
disciplines(eg. Beck et al., 2018; Kottek et.al2006; Peel et al., 20Q07Ysing spatie
temporal estimates of climate classifications to visualize and quantify climate variation and
change is a valuable method for researching the impacts of climate deaqng€hen &

Chen, 2013pand to dsseminate the work of the scientific community to the general public

in way that resounds with their experiential realéyg. Jylhéet al., 2010)

Changes to the Earthés energy budget are ex
increase in the global mean precipitation and evaporation, although the predicted rate varies
between climate model(®ouville et al., 2021)A warmer climate is expected withghi

confidence to increase moisture transport intensifying heavy precipitation events and season.
Warming over land is expected with high confidence to increase potential evaporation and
intensify the severity of droughts. There is high confidence that tawouglaciers will

diminish globally, and that seasonal snow duration will generally decrease. Furthermore, the
variability of the water cycle and its extremes are expected with high confidence to increase

faster than the average under all emission saenarimost regions of the wor(@ouville

et al., 2021)

In the research presented in this dissertation CMIP5 models were used as a representation of
future climate conditions as the work was performed prior to the release of the CMIP6 model
ensemble.

Changing Seasonal Snow Dynamics

Snow cover represents a major geophysical feature on edithgectshydrology, ecology,

and geology to a varying extent in many regions of the planet. Fluctuations in the
characteristics of snow cover in an area.(depth, extent, timing, duration) represent
changes to the local climatology. On a global sdaletuations in snow cover impact the
planetary energy balance of earth. Snow cover reflects more of the inbound solar radiation
than bare ground, leading to further heat adsorption which may in turn reduce snow cover
even further i n i@albedefo € @ & XagarGaliagbathet &l. h2€11)f
Changes to seasonal snow cover associated with global climate change have and are
expecté to continue to impact human societies and ecosystems in cold regions.

Connolly et al., (2019) compared observed changes to the snow cover in the Northern
Hemisphere (NH) to that predicted by all available CMIP5 models over the period 1967
2018. Thaesults showed a trend of decreasing snow cover across all estimates; however the
magnitude of the observed trend was greater than what most of the models had predicted.
Mudryk et al.,(2020) analyzed historical snow cover trends estimated from an ensemble

of 6 observatiosbased products, and projected changes in the CMIP6 madtel ensemble



over the NH until the end of the 2tentury. Their results showed a mass loss trend of
approximately5 Gt/yr for all months from Deceper to May for the period 1981018 and

that the NH spring snow extent will decrease by approximately 8% per degree of Global
Surface Air Temperature (GSAT) increase relative to the -P893 average.

Yunlong et al.(2018)analyzed variations in NH snow cover using snow cover data from
MODIS, AMSR-e and the IMS snow cover extent product for the period 200106. Their

results showed that the SCD over the NH had decreased by an average of 5.3 days/decade
and the seasonal variation in SCA showed a decreasing trend for all seasons bltiavrinter.

et al.(2017) analyzed snow cover trends in the NH based on a daily SCE product calculated
from a combination of MODIS and AVHRR data for the pdril9792009. Their results

showed a that the SCE had decreased by approximately 10 days per decade during the study
period and that the SCD in western Eurasia has decreased by up to two months in the past
30 yearsListon & Hiemstra(2011) analyzed pa#rctic snow trends for the period 1979

2009 for the period by creating a distributed snow dataset based on MERRA reanalysis data.
Their results showed a decrease in SCD by 2.5 days per de@dgeaalacross the Arctic.

Choi et al. (201Q)studied chages to NH snow seasons over the period 1967 to 2008 using
weekly snow cover extent data generated mainly from visible satellite imagery by NOAA
and National Ice Center meteorologig®binson, 1993)Their results showed that NH Full

Snow Seasons (FSS) have decreased on average by 5.3 days/decade, these changes were
primarily attributed to progressively earlier spring melt.

Malmros et al. (2018) estimated snow cover changes in the Andesetd on MODIS
observations over the period 20016 and found that the Snow Cover Extent (SCE) and
number of SnowCovered Days (SCD) decreased on average by 13 £ 2% and 43 + 20 days,
respectively Saavedrat al.(2018) estimated snow cover changes in the Andes based on
MODIS observations over the period 262016. Their results showed that largeeas
showed statistically significant decreasing trends in snow cover, especially orstim ea
side of the Andes.

Zhang & Ma(2018) analyzed the variability in the continental Eurasian SCE using the NH
EASE-Grid data for the period 1972006. Their results showed a significant decrease in the
spring and summeSCE and an earlier loss of snow in the spring whereas the onset of snow
cover in autumn was not found to have changed significantly during the pénmayet al.

(2021) studied the spatiotemporal variability of snow cover duration in Eurasia over the
period 19662012 based on isitu data from 1103 station with groubdsed snow
measurements. Their results showed that on avénadest day of snow and the last day of
snow delayed and advanced by approximately 1 day/decade, respectively and that the ratio
of SCD to snow season length increased by about 0.01 per d&=adeet al. 018)
analyzed in situ olesvational records of mean and extreme snow depths over Europe based
on the EuropeaClimate Assessment & Data Set (ECA&KRein Tank et al., 2003)Their

results showedn average decrease-@P.2% and11.4%/decade for mean and maximum
snow depths, respectively, for the period since 1951.

The published literature, summarized in this section, agrees that cag@vend across
estimates, the extent and duration of global snow cover has been decreasing in recent decades
and that this decrease is projected to continue under all emission scenarios. The magnitude
of this change, however, varies significantly in spaice time as well as across estimates,

both for the historical period and future predictions. TRAR by the IPCC states that there

is very high confidence that the NH spring snow cover has been decreasing since 1978 and



that further decrease of the Nigasonal snow extent is virtually certain under all plausible
emission scenarigqgox-Kemper et al., 2021)

Glaciological trends

Glaciers and ice caps represenust of thefreshwater storage on earth. Fluctuations in the
extent of a single glacier, (measured irelength, massareaor volume)representhanges

in the energy balance of that glacier, due to some external changes that affect the transfer of
energy to androm the glacier. On a global scale such glacier fluctuations are recognized as
high confidence indicators of climate chan@mjinski et al., 2014)Glacier fluctuations
associated with climate change have and are expected to continue to impact geophysical
features and processthat are of key importance to both human societies and ecosystems in
cold regions.

Zemp et al(2015) used observational datasets from the World Glacier Monitoring Service
(WGMS) to estimate glacidluctuations over the last century. Their results showed that the
rates of glacier mass loss in the'Zkntury are without precedent on a global scale for the
period observed and that this loss is likely to continue, even if the present climate remains
stable at present day leveldarzeionet al.(2014) showed that the anthropogenic signal in
glacier mass balancebservations during the period 192010 is detectable with high
confidence, being responsible for 69 + 24 % of the global glacier mass loss, whereas over
the period 1851 2100 the anthropogenic signal is weaker, constituting only 25 + 35 % of
the global ¢acier mass lossSSommer et a2020) computed changes in glacier fluctuations

in the European Alps between 26P014 using optal and radar remote sensing imagery.
Their results revealed a rapid glacier retreat across the Alps amounting to an annual loss of
39 knt in areal coverage and an average annual mass le$€98fm of water equivalent.
Kulkarni & Karyakarte(2014) analyzed observed changes in glacial extent and mass
balance in Himalayan Glaans. Their results showed a decrease in both extent and volume
across the Himalaya, with the rate of decrease more than doubling between the time periods
197585 and 200€2100.

Glacier mass loss has and will contribute to sea level rise globédizeionet al. (2012)
estimated sebevel changes due to global glacier mass of all individual glaciers of the world
(excluding the Greenland Ice Sheet (GIS) and Antarctic Ice Sheet (AIS) and found their mass
loss to have contributed 114 + 5 mm of sea level rise between a8@DA9 Gardneret al.

(2013) estimated from satellite gravimetry and altimetry and local glaciological records that
glaciers were losing mass in all regions of the world, with the largest changes occurring
around the Arctic, in the Andeand highmountain Asia and that over the period 22089

the global glacier mass loss amounted to 259 + 28 gigatons pefiWaggeion et al., 2014)
projected the expected future mass loss of the earths glaciers diffdeent emission
scenarios based on 15 coupled General Circulation Models (GCM) from the CMIP5
ensemble, which suggest a future glacier derived sea level rise ranging from 148 + 35 mm
(RCP26) to 424 + 46 mm (RCP8R.a d i [. (2043) medéled that volume changes of all
glaciers in the world based on 14 GCMs from the CMIP5 project for two emission scenarios
(RCP45 and RCP85) and estimated a future glacier derived sea level rise of 155 + 41 mm
(RCP45) and 216 = 44 mm (RCP85) over the pe?i@dc2100).Zemp et al(2019) used

an extrapolation of glaciological and geodetic observations to estimate a glacier derived sea
level rise of 27 £ 22 mm ovéne period 1962016 which equals the contribution of the GIS

and exceeds the loss from the AIS, amounting to a tot&802b of the observed séavel

rise.



Glacier fluctuations have been shown to impact the regional water cycle in a number of
ways. Huss & Hock(2018) estimated global glacier runoff changes for 56 large scale
glacierized basins over the ®2tentury. Their results showed a significant interbasin
variability, however, a genar pattern of increasing annual glacier runoff until a maximum

is reached, after which runoff will be in steady declBless et al.(2014) projected monthly

runoff for all glaciers and icecaps outside Antarctica based on 14 global climate models for
the period 200@2100. Their rests showed continuous glacier mass loss in all regions,
however, the hydrological response varied significantly between region which depends on
the balance between higher melt rates and decreased storage as glaciersas@restal.

(2010) estimated the contribution of changes to water availability in large rivers systems
due to a projected delay in seasonal glacier melt. Their results showed that the seasonal delay
contribution was greatest in seasonally arid basins and negligible in margomms Huss

(2011) estimated the glacial runoff contribution to large scale drainage basins in Europe
based on monthly mass balance data for the period-2@08. The results showed that
glacial meltwaters are relevant to the hydrology ofcroscale watersheds and water
shortages will intensify as summer glacial runoff contribution decreases water shortages.
CauvyFraunié & Dangleq2019) conducted a global megmalysis of published bio
diversity studies and found that biodiversity in gengraleases as glaciers recede, however,
the species that are removed are generally highly specialized.

Glacier fluctuations are expected to impact local hazard situations as the dynamics
glacierized areas chang&sjracharya & Mool{2009) analyzed changes to glaciers, glacial
lakes,and glacial outburst floods in Nepal over the period 12J®0. Their results showed

a total decrease in glacial lakes in the region, however they also recorded an increase in the
morane-dammed lakes which is associated with an increased risk of glacial outburst
flooding. Kaab et al (2003) used satellite imagery from the ASTER instrument on the
NASA TERRA satellite to assess the conditions of a rock/ice avalanche in Russia and a
glacial lake in the Alps in 2002. The results showed ttia ASTER imagery is a valuable
source of estimating and quantifying glacier fluctuations and for the timely identification of
glacier hazards.

2.1.2 Changesinthel celand ic climate and snow

Climate

The Icelandic climate is characterizeditsymaritime rature causing mild winters and cold
summers, with frequent precipitation and heavy wintise location and mountainous
topology of Iceland creates large spagmporal variations in both weather and clin(atg.
Bjornssonet al, 2007; Olafssoret al, 2007) Studies show that since the last glacial
maximum the temperature fluctuat®onn Iceland have been about 4°C, which is
significantly higher than the global avera@&eirsdottir et al., 2013; Knudsex al, 2008;
Langdon et al., 2011; Larsest al., 2011; Sicre et al., 2011Yhis large variability in
temperature is caused Bpatiotemporal changes in the location of warm and cold ocean
currents around the islarf@abedeSanzet al, 2016)

Continuous meteorological records exist in Iceland since the middle of theebury.

Since records begdhe average temperature in Iceland has risen by about 0.8°C per century,
like the global average warming over the same per@ver the period 1982015 the
average annual precipitation has increased-ti %o while the average temperature has
increased ¥ 0.5 °C per decad@jornssoret al, 2018)



The average temperature in Iceland is expected to increase-By3iC3by tle middle of
the 2F' century compared to the average of the period -PI8% and if global emissien
are not significantly reduced, the warming could exceed 4 °C by the end of'tberiury.
The uncertainty in projected changes in precipitation aretegréhan for temperature
changeshut estimates predict a 1i54.5% increase in average precipitation volume per
degree of warmin@Dee et al., 2011; Nawri et al., 2017; Poli et al., 2016)

The projected climate changes in Iceland are expected to impact the local hydrological cycle,
as winters become mdiér and less water is stored as snow, causing streamfliowréase

in winter and decreasing peak flow during spring melt. Runoff from glaciers is expected to
increase, especially in summer, until at least the middle of the&ttury(Bldschl et al.,

2017; dnsddéttr et al, 2008; Ministerrdet, 2012)

Snow

Snow is a key feature of the hydcbmatological cycle in Iceland, storing precipitation in
winter and releasing melt runoff in sprirgelandic snow cover has been categorized as a
mixture of tundra, taiga and maritime snow types with shallow snow depkerage, high
density, frequent melt cycles and high wind str€&igiurosson & Jéhannesson, 2014)
Understanding chameg to key snow parameters such as the amount, d¢patporal
distribution and physical characteristics are important for managing the water resources in
Iceland. Analysis of trends in discharge, precipitation and temperature time series has
revealed thaspring snowmelt occurs earlier in the year and that spring peak flows have
decreased between the periods 12067 and 1963995(J6nsdbttir et al., 2008)

Long term trends in snow cover have been studieddmsson(2001) which analyzed
manual snow cover observations around the country over the duration of continuous
measurements (~19302000). The results showed no clear trendsrdhe entire study
period, although the average snow cover had decreased towards the end of the period. An
analysis of the relationship between snow cover and ambient air temperatures revealed an
estimated 10% loss of snow cover in each wintenth per1°C of warming.

Gunnarsson et al., (2019) analyzeelandic snow cover characteristics based on ditieg

MODIS snow cover product for the period 262018.They compared MODIS snow cover

data to in situ data from the Icelandic Meteorological Offib#D) and remotely sensed data

from Landsat and Sentinel with good agreement. Their resuttsed a trend of increasing

snow cover duration for all months except October and Noveribetrendline for June

was significant at a the= 0.05 level and thzendlines inMay and June were significant at

the U= 0.1 level.The results of Gunnarsson et al., (2019) shows a significant decreasing
trend of average snow cover in spring/summer. These results are of particular importance as
they illustrate a significant decrease in snow cover during the season of minimum snow
cove.

The snow cover trends studied by Jonsson (2001), were based on manual observations from
manned observation stations, mostly located in lowland areas close to urban areas.
Sigurdsson &ohannssqn(2014), analyzed snow depth records from 4 observationirsites

the central highlands over the period 12184 whichrevealed a slightly decreasing, albeit

not statistically significanttrend in snow depth over the period although the measurement
locations are too few to draw any conclusions for the extensivahid regionThe trend

of increasing snow cover duration observed in Gunnarsson et al. (@@2419jhe period
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20002017 is in the opposite direction to long term projections which predict snow cover to
decrease across the country over thiéchtury(Johannesson et al., 2007)

Glaciers

Changes to Icelandic glacidrave been studied based on a range of sounrclesling in situ

mass balance measurements, reconstructed surface maps, published aeragds,
photographssatellite stereo imagery and airborne liiag.Belart et al., 2020)The results

show thaticelandic glaciers reached their maximum exsnte the settlement of Iceland
atthe end of the 1®century Over the period 1892019 the mask®ss of Icelandic glaciers

has been estimated as 16 + 4%, which corresponds to 1.50 + 0.36 mm of sea level equivalent.
This glacier recession was mostly confined to two periods-1920 and the period since
1995 whereas during the three decades betw@@mh1990 most Icelandic glaciers remained
stable or even advancé@ldalgeirsdattir et al., 2020yhile the surface mass balansdhe

main source of mass flux in Icelandic glaciers, internal and basal melt contribute a non
negligibleportionof the overall mass balance, especially in geothermal and volcanic zones
(Jéhannesson et al., 2020)

The retreat of the large and outlet glaciers in Iceland is well documented both through remote
sensing and in situ observatior(®rynjolfsson et al., 2014; Hannesdottir et al., 2015;
Hannesdottiet al., 2016; Palsson et al., 201Phe mass loss of the three largest ice caps in
Iceland (Vatnajokull, Hofsjokull and Langjokull) since 1890 has been well docum@nged
Bjornsson et al., 2013)The surface of the Icelandic glaciers was lidar mapped in high
resolution during the period 20@013 increasing the accuracy of ice volume estimates
(Johannesson et al., 201Bhe observedecession and increased volume of melt wiaten

the Icelandic glaciersas resulted in changes to rivdrannels to glacial rive®agnuisson

et al, 2009)and tothe extent and placement @ibglacial ananoraine lakegBjornssonet

al., 2001; J6hannesson et al., 20¥3key factor in the mass balance of Icelandic glaciers is
the ice surface albedo, which is influenced by a number of environmental vasaicless

snow metamorphism, dust loading and tephra depositions from nearby volcanoes, there is a
large spatieemporal variability in the albedo of Icelandic glaciers ancttleeu n tangestd s
glacier, Vatnajokull has experienced a positive albedo trerd the period 200@019
(Gunnarssomet al.,2021)

Modelling of the future evolution of the Icelandic glaciers has shown that they will almost
disappear completely over the next two centuge®n projected changes to the global
climate (Adalgeirsdottir et al., 2011; Guomundsson et al., 2009; Hannesdéttir %8), 2
This projected retreat will significantly impact runoff from glaciated areas, with significant
challenges and opportunities to water resource managenenewable energy producers

the country(Johannesson et al., 2007; Thorsteinsson & Bgimn<013) The increased rate

of melt water is projected to continue to affecerichannels in glacial rive(RPalssoret al,
2016)as well as the extent and character ofnw@aginal lakegMagnussoret al, 2013;
Schomacker, 2010)
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22 Snow Observations

Monitoring of snow resources, both on a local andalcscale, is important for water
resources management, hazard assessments and improved geophysical understanding of the
e a r hydrécimatological systemMany snow datasets have been recorded and presented

in the literature, based on a range of measard technologies and covering many snow
parameterge.g. Dong, 2018) Snow observations of all kinds can be assimilated in land
surface modelsot derive best estimates of spatianporally distributed snow parameters
(e.g.Clark et al., 2006; Slater & Clark, 2006)

2.2.1 In situ observations

The traditional method of measuring snowthg observation of snow properties on the
ground, most often concomitantly with observations of other meteorological parameters.
Measurements of snow depth (SD) and new snowfall amounts have been recorded in Europe
and North America for centurieblowever,the methods and means of snow monitoring
varied significantly between locations, limiting the utility of such observations for global
snow research. The Solid Precipitation Measurement Intercomparison Project (SPMIP)
showed up to 700% variability in thegportional amount of solid precipitation recorded at

in national precipitation gauges (with wind shields) at 6 m/s wind sffeeddisonet al,

1998)

Several international projectsuebeen undertaken to improve the comparability of snow
measurements across the globe, with observation stations locatedwictald hese projects
include the Global Cryosphere WatchCryoNet (WMO, 2014) The Global Historical
Climatology Network(Menneet al, 2012) The WCRPi Climate and Cryospher€liC)
Project(Barry, 2003) The CMCi Daily SnowDepth Analysis Dat#Brown & Brasnett,
2010) The Histoical Soviet Daily Snow Depth (HSDS[DArmstrong, 2001)The Historical
Climatology Network (HCN)(Easterling, 2002) The European Climate Assessment &
Datase{Tank et al., 2002and the Solid Precipitation Measurement Intercomparison Project
(SPMIP)(Goodisoret al, 1998)

At manned meteorological stations mamgradw observations of a range of snow parameters

are made tahefrequencyrequested by the procurer of the data. Snow Depth (SD) is one of
the most frequently collected snow parameters due to the relative ease of measurement. In
recent decades the use af@mated sensors for recording snow parameters such as SD and
Snow Water Equivalent (SWE). SWE can be measured using weighing systems often
referred to as snow pillowdEngesetet al, 2017)and snow height above ground can be
monitored using e.g. ultrasonic sens(Ryanet al, 2008)and time lapse photography of

snow stakegParajkaet al, 2012) The use of automatic snow mtoring has improved

both the spatial and temporal resolution of snow measurements, as the limits to measurement
frequency and data storage are continually being pushed and the operational cost of
automatic stations is a fraction of that of manned stations.

Where the density of in situ snow observations is sufficient the spatial distribution of snow
parameters can be estimated using different statistical interpolation méttmpdSarera
Hernandez & Gaskin, 2007; Foppa et al., 2007; Jarvis & Stuart, 2001; Molotch et al., 2005)
Achieving the required density of point observations for adesiimation of the spatial
distribution of snow parameters is especially challenging inomsgwith complex

12



topography as it affects both the distribution of snow and the logistics of snow monitoring.
Studies have shown that there sigmificantdiscrepancies between pemieasurements and
regional estimates of snguarameters, even in relatly well documented regior{tdpez
Moreno & NoguésBravo, 2006; Meromyt al, 2013) As a result of the sparse distribution

of pointbased snow monitoring stations globalgbal scale monitoring of changes to snow
resources are not feasible basetl on in-situ observationfDong, 2018)

2.2.2 Remote sensing of snow

Snow resources are inherently most abundant in cold regionshiglh precipitation.
Incidentally these are also the regions least favored by humans for habitation and leisure. As
a result, in situ observatis of snow are logistically challenging, and therefore sparse, in
many areas where significant quantities of the resource are located. Monitoring the snow
resources by means of remote sensing, either by airborne vehicles or satellites has therefore
beenan mportant research topic sincewhankhe dawn
TIROS 1 satellitebecame the first satellite to allow monitoringssfow cover from space

(Lucas & Harrison, 1990)Since the start of satellite monitoring, snow covered areas have
been observed to decrease on average across the(globe Brown, 2000; Lemke et al.,

2007) Althoughincreases in snow cover have been observedme regions such a China
(e.g.Cheet al.,2008; Xuejin et al., 2019)

Snow can be detected from remotely sensed data by observations of its physical and spectral
properties, these however can vary based on rddfgrent factors, such as Snow Depth
(SD), liquid water content, impurities, snow temperature, ice content, grain size and shape
etc (J. Foster et al., 1996; Kelly, 200Painter et al., 2009; Sturm, Holmgren, & Liston,
1995; Tait, 1998)The influence of these factors on the estimation of snow conditions varies
depending on sensor technology and resolufibemy different sensor technologies have
been developed andeain use for measuring land surface properties like snow. However
they can be broadly divided in two categories, optical sensors that record reflective data in
the visible and infrared wavelengths and microwave sensor that record either microwave
radiation emitted from the land surface that can be measured with passive microwave sensors
or radiation backscattered by active microwave ser{Eoetz et al, 2012)

In the visible (VIS) wavelengths snow reflects up te8806 of the solar radiation depending
on grain size, age and purifiKonig et al, 2001; Winther et al., 199%yhereas at longer
wavelengths, in the infrared (IR) spectrum the reflectivity of snow drops to nediPegre

et al, 2005; Wangpt al, 2005) A key issue in snow monitoring is discerning between clouds
and snow, which have similar reflective properties in the VIS and IR sfeétdtiaet al.,
2010; Hyvarinen et al., 200%iller et al., 2005)renderingsatellite scereexceethg a
threshold cloud cover useless for snow monito(lRgdell & Houser, 2004)

The land surface emits microwave radiation which can be observed by Passive Microwave
(PM) sensorgKonig et al., 2001)PM data which has been applied to snow mapping has
been collected by the Advanced Microwave Scanning RadioB€@& (AMSRE), the
Scanning Multichannel Microwave Radiometer (SMMR), the Special Sensor Microwave
Imager(SSM/I) Microwave emissions from the underlying ground are weakened under snow
cover at wavelengths similar in size to the snow grantsthus, the weaker the microwave
signal recorded by the sensor, the more snow covers the gi@badget al, 1987) The
microwave signal recorded by the sensor is determined by several factors including liquid
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water content, grain size, gmashape and the dielectric discontinuities of snow and air
(Amlien, 2008; Clifford, 2010; Foster et al., 1999¢veral factors influence the accuracy of

PM derived snow parameters. Vegetation absorbs microwaves in similar wavelengths as
snow(Derksen, 2008and thus snow cover is hard to detect in forested &Femsser et al.,

1999; Hall etal., 1982) Liquid water magnifies the microwave absorption of the snow
causing underestimates of snow deffmlien, 2008) The crystal properties of the snow,
especially the crystal size can have impact the estimatiSkit (Foster et al., 1999)

Snow cover characteristics can also be estimated basadtime Microwave (AM) data,

where the microwave sensor measures the backscatter of a signal emitted by the instrument.
However because the penetration depth aénowaves into the snow depends heavily on its
liquid water contenbnly wet snow can be detected reliably using active microwave data
(Warg et al., 208), since the underlying ground is the main source of the back scattering
signal under dry snoWKonig et al., 2001) The research interesemains highas AM

sensors can provide higher spatial resolution monitoring than PM sdRsstsr et al.,
2011)and AM data from the Sentir&l mission has shown promising results in mapping
snow depth(e.g.Lievens et al., 2019)

Many algorithms have been developed to identify smasameterbasedeitheron spectral
data from optical sensorsuch as the Advanced Vemdigh-Resolution Radiometer
(AVHRR), the Moderate Resolution Imaging Spectrometer (MODI&)dsat and Sentinel
which collect the appropriatspectral data to both detect snow and discern between snow
and cloudsor from Microwave sengs. Thesesnow mapping algorithmsanbe broadly
categorizednto algorithms thaestimate binary snow cover classificatiorieom optical
sensorgFernandes & Zhao, 2008; Hait al.,1995; Rosenthal & Dozier, 1996@yactional
snow cover algorithm@Vetsamaékiet al.,2005; Painter et al., 2009; Salomonson & Appel,
2006; Solberg et al., 201,0algorithms thatestimate snow cover beneath clouddsm
reflective data(Gafurov & Bardossy, 2009; Parajla al, 2010; Wang & Xie, 2009)
algorithms that detect bosnow cover and SWE with data from PM send@bkang &
Rango, 2000; Derksest al, 2003 Kelly, 2009; Pulliainen & Hallikainen, 2001; Pulliainen
et al, 1999) and methods that utilize both PM and reflective dataestimate snow
parametergFosteret al., 2011; Gao et al., 2010; Liang et al., 2008; Romanov et al.,.2000)

A promising remote sensing technology for high resolution snow monitoring is the use of
airborne laser altimetry (lidar) which can detect vertical elevation with decimeter scal
precision and meter scale horizontal resolution also complex terrain such as(Knasss

& Pfeifer, 1998; Reutebuckt al, 2003) Snow deth can be estimated based on the
difference between two lidar derived Digital Elevation Models (DEMSs), one with snow free
conditions and the other witbhow covered groun(Deemset al, 2006; Hopkinson &
Demuth, 2006; Milleret al, 2003) The technology of lidar offers a method for high
resolution and accuracy mapping of snow defdkemset al, 2013) However a key
limitation is that remotely sensed lidar data is only acquirable from airborne vehicles and
not from satellites in orbit. This causes logistical constraints for lidar monitoring at spatial
scales largethan individual watershed$hus,lidar monitaing is currently restricted to high
value snow resourcés areas that are important for local water resources management

Other promising methods for monitoring snow resources remotely include the use of
InterferometricSynthetic Aperture Radar (InNSARInd Polarimetric Synthetic Aperature
Radar (PolSAR)e.g.Tsaiet al, 2019)and snow depth mapping based on satellite stereo
imagery(e.g.Deschamp®erger et al., 2020; Matrti et al., 2016)
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23 Snow model ling

To understand and predict future behavior of the snow models are used to represent the
physical processes that occur within the snow covextgstariables) as well as the
interactionsbetween the snow and its surroundings (energy and mass fluxes). Over the past
several decades a wide range of snow models have been developed, Magraugson et

al., 2015andKrinner et al., 2018or a detailed description and comparison of some of the
more common snow models. Snow models are generally grouped two categories: physical
models that attept to simulate all the physical processes occurring in the snow and
empirical models, that rely on statistical relationships between the snow and its surroundings
(e.g. Debeleet al, 2010) In between these approaches are attempts to combine the
advantages adach class of models, by using empirical relationships to derive a full physical
representation of the snofe.g. Schaefliet al, 2010) Many different models have been
developed within each model class. Each of Whie associated with their own advantages
and disadvantages, that must be understood when selecting a model for a specific purpose.

2.3.1 Physical representation of snow

When temperatures are below the freezing point of water, precipitation falls as snow. If
temperatures remain below freezing the snow will accumulate on the ground between
precipitation events forming snowpack. In perpetually cold environments snow continuously
accumulates, turning to ice under the pressure from its own weight and forms gladiers

ice sheets that can store frozen water for centuries to millennia. In warmer regions, where
temperatures rise above freezing for some part of the year, the accumulated winter snowpack
melts in spring to early summer. As temperatures rise ice critséhlabsorb enough energy

melt and percolate down the snowpack where it refreezes until the entire snowpack is
isothermal at the melting point. When the whole snowpack has reached the melting point
melt water begins to form runoff which then takes pathasurface hydrological cycle.

A snowpack is in constant thermodynamic flwith its environment. The energy budget of
a snowpack can be described as the sum bieall transfer components that transport heat
between the snowpack and its surroundingshaws/n in Equation 2.(e.g. U.S. Army Corps

of Engineers, 1998)

Uy Uiz Ugp Ug Ug Ug U QU (2.1)
where Q@nsymbolises net shewave radiation flux from solar radiation;n@epresents the

long-wave radiation flux from the environment, @1d Q represent the turbulent fluxes of

thermal convection from the atmosphere (sensible energy) and latent energy due to phase
changs, respectively. @represents heat conducted from thederlying ground and Q
represents the ener gy iepresentstheidternalienergytipati® ci p i
stored within the snowpack. The total energy available for snowmelt then becomes the sum

of the individual energy fluxes ornQ

In winter, or in periods of freezing temperatures, precipitation will accumulate in the
snowpack forming layers of snow with varying physical characteristics, e.g. density, crystal
structure, hardness efe.g.Fierz et al., 2009)in the springor when the energy flux into

the snowpack increasesm@ Equation2.1 becomegositive,and some ie crystalswill

begin tomelt. The melwater percolatinto the porousnatrix of the snowpack where
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either refreezeor is stored as liquid water between the snow grains, increasing the density
and water content of the snowpadh. this initial stage of snowmelt thermal enengy
transferredrom the surface boundary intike body of the snowpagckntil it hasreaché an
isothermal stie where the temperature of the entire snowpaeciktise melting pointWhen

the snowpack that has reached the isotherm andhwieeinterstices between snow grains
are fully saturated with liquid watéri s r ef e r r eabany additiaral erfergy ip e 0
absorbs will result isurface runoff.

When the snowpack has become isothermal and is fully saturated with water, melt wate
begins to form and flow from the snowpack. The amount of melt wWslteproduced is
governed by the amount of thermal enerQy, absorbed by the snowpack and can be
described byequation 2.2(e.g.U.S. Army Corps of Engineers, 1998)

o —, (2.2)

WhereLs represents the latent heat of fusion of thecigestals,} w represents the density of

liquid water and represents thitnermal quality of the snowpagitefined as the rat of its

water content that i the solid phasélhe accuracy with whicthe snow melt rate can be
calculated based on Equation 2.2. depends on the accuracy that the individual heat transfer
components in Equation 2.1. can be measured or estimated.

Short wave radiation, Qs

The main source of thermal energy across the surface of the Earth comes from solar
radiation. The amount of solar energy absorbed by a snowpack varies significantly

depending on latitude, time of day, time of year, aspect, slope, cloud cover and the

refledivity of the snow surface. Cloud cover is the greatest source of uncertainty regarding

the amount of solar radiation that reaches the surface of the snowpack, whereas the
reflectivity of the snowpack surface determines the amount of inbound solar radtio

is absorbed by the snow. Thkbedo of the snowpack surfatkjs defined as the defined as

the ratio of reflected solar radiation. The amount of solar radiation absorbed by the

snowpackQsn, can be described by Equation 2.3,

TR (23)

I €

Where,l; is the incident solar radiation.

Solar short wave radiation can be measured using different instruments and tedeniques
Paulesciet al.,2013)or modelled, using a range of modétsg. Zhanget al, 2017) The

snow and Ice albedo can be estimated using remote sensing imagery at different wavelengths
(Corripio, 2004) numerical parameterization methofSardner & Sharp, 2010)r by
assimilation of numerical modelling and observatiiomaret al.,2020)

Long wave radiation,  Qn

A snowpack also exchanges radiatenergy with its surroundings at longer wavelengths
than radiation from the sun (6180 um). A portion of the energy contained in the snowpack

is lost to the surrounding atmosphere as blackbody radiation and in turn the snowpack
absorbs from back reflaon of the atmosphere and the surrounding terrain.
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The long wave radiation emitted by the snowpack can be approximated by the Stefan
Boltzmann lav, presented in Equation 2.4.

0 -z z"Y (2.4)

Where Qnyp is the radiation of a blackbody) = 0. 99 f or cl ean snow
Boltzmam constaneand Ts is thetemperature of thélackbody in this case the surface
temperature of the snow. Contrary to solar radiation in the visible spectrurayvéweg

radigion is almost completely absorbed by snow, which can thumdmelled as a near

perfect black bodyWarren, 2019)

The long wave radiation absorbed by a snowgedwn can be estimated using a range of
parameterization techniques based on temperature, vapor pressure and cloud factor for
different regions(Formettaet al, 2016; Juszak & Pellicciotti, 2013; Kok et al., 2020;
Marthewset al, 2012)it can be measured in situ or by remote sen@mgEllingson, 1995)
andseveral distributed large scale observational datasets of surface long wave radiation have
been developed for the research community, including FLUXRE&Idocchi et al., 2001)

and SURFRAD(Augustineet al, 2000) An analysis of the key global long wave radiation
datasets has shown an increasing trend (1.8>\en decade) over the period 262318

(Feng et al., 2021

The net long wave radiation budget of the snowp@gkequals the radiation absorbed
subtracte@indownby the energy emitted by the snowp&likip, as presented in Equation 2.5.

0 0 0 (25)

Turbulent heat fluxes, Qn and Qe

The turbulent motion of the air at the sratmosphere boundary is responsible for heat
transfer between the snowpack and the atmosphere, both due to thermal convection (sensible
heat transfer) and phase changes oftimv (latent heat transfer). The vertical eddy fluxes

of heat and water vapor transfer energy to and from the snowpack surface. The turbulent
heat transfer components, @1d Q that occur due to these vertical eddy fluxes can be
estimated based on measuesnts of the factors that govern the intensity of these fluxes,
including temperature and vapor gradients between the snow surface and the open
atmosphere, surface roughness, atmospheric stratification, horizontal wind movement, air
density and atmosphenessure.

There have been developed several ways to parameterize the turbulent heatfiundkQQ
including Obukhov length parameterizatig¢deng et al, 1998, Richardsson number
parameterizatiofLouis, 1979)and constant exchange coefficient parameterizglitamtin

& Lejeune, 1998)

Heat Conduction at the soil/snow boundary, Qg

Thermal energy is not only transferred at the snow surface boundary, but also through
thermal conduction at the snow botttwoundaryif there is a temperature gradient between
the bottom of the snow and the underlying ground. The energy flux at thegsoomd
boundary can be described by Equatid) 2.
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o —, (26)

where, k is the thermal conductivity of the soil asdl/3z is the temperature gradient
betweerntheice and soil.

Heat convection by precipitation, Qp

In events when liquigrecipitation falls on a snowpack the thermal energy contained in the
precipitation is absorbed by the snow. The heat trangfier $uch rairorn-snow events can
be described by Equation72(e.g. U.S. Army Corps of Engineers, 1998)

~

0 6”07 "YIpnnumn (2.7)

where,Cp is the specific heat of rainwatety is the density of rainwatel; is the volume of
rainwater, T; is the temperature of the rain afd is the snow temperaturédf liquid
precipitation freezes it will release the latent heat of fusion of watee snowpack.

Internal energy of the snowpack ,0Q

As the snowpack exchanges energy with its environment the internal energy of the snowpack
is in constant flux. During cold periods the snowpack loses thermal energy to its
surroundings and its internal heat deficit (defined as the amount of heat requiadHh an
isothermal state at the melting point temperature) increases. As a melt event approaches, the
snowpack absorbs energy from its surroundings, decreasing the internal heat deficit until the
pack reaches the isothermal state and surface runoffidddie internal energy of the
snowpackcan bedescribed by Equatioa8. (e.g.,Gray and Prowse, 1992),

Yo Q86 "6 Y, (298)

where,ds is the depth ofthe snowpack i ig the snow density and is the density of liquid
water, Cyi is the specific heatf ice, Cpi is the specific heat of liquid watandTmis the mean
snow temperaturdf the temperature of the snowpack is belinefreezingpoint of water
the internal energy of theack,then, by definitiongp Q is positive.

2.3.2 Physical models

Physical snow models attempt to estimate the complete mass and energy balance between
the snow and its surroundings to simulate the internal conditions of the sispecidted

time intervals Snow a@cumulation is calculated by addition of the precipitation that falls
while temperature are below freezing while the rate of snow melt is estimated based on the
energy that is available to heat and melt the g@ogv Hock, 2005)The net energy exchange
between the snow cevand its surroundings can be quantified as the product to the net short
wave (solar) radiation, net long wave (thermal) radiation, sensible and latent convection heat
fluxes, heat advection from rain and conduction from the underlyingesgil Anderson,

2006) as dscribed in section 2.3.1. The advantages of energy balance models lie in their
ability to represent the actual physigabcesses occurring in the snow. This ability allows

for a detailed analysis of the snowpack and how it is affected by each compotteat of
energy balance and therefore, how it is 1l
(e.g.Markset al, 1998)
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Over the course of the last century many physical snow models have been developed, with
varyingdegree® f compl exi ty and for different appl
a set of optimal models is highly application and location dependent. At least five large
model intercomparison projects have been undertaken to compare the performance of
different snow modelPILPS2d(A. G. Slater et al., 2002PILPS2¢gNijssen et al., 2003)
RhoneAGG (Boone et al., 2004 5nowMIP(Etchevers et al., 2004nd SnowMIPZEssery
etal.,2009) None of these projects resulted in t
model. Most of the snow models surveyed in these projects use similar parameterizations for
the key procsses that occur in a snowpack. A studyElsgeryet al.,2013used all possible
combinations of the parameterizations commonly used in physically based snow models to
develop an ensemble of 1701 snmwdels which were compared to observations from an
alpine site. The results showed that there et a group of models that consistently
provided good results, however, the optimal models are still likely to be location dependent.

The disadvantages ofnergy balance models are associated with their high data
requirements, theircomplexity, and the uncertainty of the data. For an accurate
representation of the energy balance, accurate data on solar radiation, thermal radiation,
temperature, wind speed,rhidity, precipitation and soil conditions are required, preferably

in a dense grid across the entire catchment that is being mo{@kédbi et al, 2014)
Acquiring these data in enough quality to simulate smalt accurately is a challenging and
costly effort in real time and to forecast these parameters is associated with a high degree of
uncertainty. As many catchments in the world are relatively poorly documented, energy
balance models may be unsuitablelgdrological modelling of thertSivapalan, 2003)

2.3.3 Empirical models

Empirical snow models rely on the statistical relationship between snowmelt and any of the
variables affecting the swate energy balance. Most empirical models use air temperature
as a predictor variable and are thus often referred to as temperature index models. These
were the first melt models to be developed and the first application of temperature index
snow model wag 1887 on an Alpine glacier, Der Sulderier,(Finsterwalder & Schunk,

1887) Temperature inde models have been widely applied and have shown good
performance despite their computational simpli¢ipck, 2003) The simplest case of the
temperature index models is the degree day model is presented in Eqéation 2.

0 00B® Yz (29)

Where T+ is the sum of positive air temper a
DDF is the degree day factor which must be calibrated for each area. Many extensions to

this simple degree day model have been developed, e.g. by adding other components of the
energy balance, each with their own calibration fa@ay. Kustas et al., 1994; Zuzel & Cox,

1975)

The main advantage of empirical snow models is their low data requirements. Temperature
is among the simplest meteorological parameters &sure, and temperature data is widely
available in many areakllet radiation is on average the maource of energy flux between

a snowpack and its surroundings, as discussed in section 2.1.1. However, air temperature
usually has a high correlation to svioelt, since many of the components affecting the
energy balance, such as the net solar radiation, are also highly correlated to air temperature
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(e.g. Lang & Braun, 1990; Ohmura, 2002Jemperature index models provide good
estimates of snowmelt and have been shown to outperform energy balance models in certain
catchments (Gabbi et al., 2014).

In recent years efforts haveen made to use machine learning and artificial intelligence
methods for many hydrological modelling applicatidesy. Mosavi et al.,2018) These

models are based on empirical relationships between snowmelt and the selected input data
but limit the requirement®r human data analytics to determine that relationship. These
models are attractive due to their performance and operation simplicity and have shown good
performance in stream flow predictions in snow impacted catchrii€abs et al, 2013;

Molotch et al, 2005)

The disadvantage of the empificaodelling approach is mainly the lack of analytical
capacity of the models. An empirical model may provide good or even better results than a
physically based model but may not provide the necessary information requileeetop

further scientific ingiht into the physical processes occurring in the snowpack. The
empirical calibration factors that need to be determined from historical data are also subject
to significant uncertainty, they have been shown to range significantly depending on
catchmentg(Hock, 2003; Sing et al, 2000) location within catchment§Braithwaite,
Konzelmann, Marty, & Ulesen, 1998)me of day(Sing & Kumar, 1996)and time of year
(Kuusisto, 198Q) All empirical models require some amount of calibration of model
parameters. If these parameters are contingent upon prevailing climate conditions the use of
the moded for long term climate change scenarios may be problematic, as the underlying
climate is changing while the model predicts future snow conditions. Studies on temperature
index models have for example shown that models calibrated with historic data will
overestimate snow melt rates when applied in a warmer clifRaleigh & Clark, 2014)

2.3.4 Conceptual models

Conceptual models attempt to take advantage of the key benefits of both the empirical and
physical models by retaining the low data requirements of the former while gaining the
analytical capabilities of the latter. Conceptual modsgiga explicitly include most of the
important physical processes that occur within the snow cover but do so only in a simplified
way (e.g. Anderson, 2006)Thus, many of the energy balance components of the snow
surface are indexed to simpler parameters like temperatiowing for the analysis of the
sensitivity of a snowpack to individual heat flux components.

Among the disadvantages of conceptual models is that while they retain the low data
requirements of empirical models, they can be relatively computationatipler. The
internal relations and indexing between parameters may not be straightforward or universally
applicable and these models are as reliant upon calibration as their empirical counterparts
(Kavetskiet al, 2006) Thus, while conceptual models may provide improved analytical
capabilities their accuracy is contingent on accurate calibration and the more calibration
parameterghey contain the more susceptible they are to the problem of equifinality, that is
they povide good simulations but for the wrong reasons. This may lead to models that
perform well on calibration data, but provide poor results when applied to data outside of
the calibration seBeven & Freer, 2001)
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2.3.5 Calibration and Validation

Snow models use environmental information to simulate the physical state of a snowpack.
Most snow models need to be calibrated to each specific application by inferring their

parameters from observed data (Beven & Binley, 1992). For a model to be considered
reliable, the calibrated model must be validated by comparison with independent data that
was not used in calibration. Many methods have been developed for both calibration and
validation although none has yet been widely recognized as superior (BeVe2@93).

Several variables can be used for calibration and validation of a snow model, they can
broadly be broken into two categories: data on the state of the snowepgaaitepth, extent,

Snow Water Equivalent (SWE), temperature, density) and data that describes the progression
of snow melt €.g., river discharge, reservoir inflow, mass balance) over some spatio
temporal scale. These data may be obtained from in situ messuseor through remote
sensing (Corbari et al., 2009). Calibration and validation can be performed using any single
type of observation or a combination of observations (Seibert, 2010).

Snow models can be applied either at a single point or in a distlilguid across a larger

area. Point models are often used to simulate a snowpack at a measurement site and are then
generally calibrated and validated based on the snowpack observations from that station,
such models are most often calibrated and validasing snow depth or SWE.{.,Franz

et al., 2008). Snow models can be calibrated and validated based on different types of
observations and at varying scaleg.,a model can be calibrated based on meteorological
point observations from single measuent station and then applied at basin scale and
validated by discharge or mass balance data,Engelhardt et al., 2014).

Distributed snow models are applied using distributed meteorological forcing data but can
be calibrated and validated by usingedatt varyingscalesEither by using point observations

that arerepresentative of the area being modelled).(discharge data) or by distributed
observations€.g., satellite measurements of Sn@wvered Area (SCA)). Studies have
shown that calibrati® using both satellite derived Snd@overed Area (SCA) and
discharge measurements provide quality simulations (Franz & Karsten, 2013). While
discharge and snow depth data have historically been favored metrics for calibration, the
inclusion of satellite déved SCA data in recent years has generally been shown to improve
the validation and calibration of hydrological modedsg(,Konz et al., 2010; Parajka &
Bldschl, 2008).

The purpose of calibrating and validating snow melt models is to reconcile engirtaim
theory with observed data (Gupta et al., 2008). The quality or slallnebdelis measured

by the capability of the model to replicate observed data and can quantified by a range of
different efficiency criteria. A number of these efficiency créaezxist, each with its own set

of advantages and disadvantages (Krause et al., 2005). Whether the model output is
considered satisfactory is determined by the values of the efficiency criteria. The selection
of any value of these efficiency criteria fommeodel to be considered satisfactory is often
arbitrary and application dependent studies have been conducted to provide some general
guidelines for threshold values.g.,Moriasi et al., 2007).
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2.3.6 Spatial representation

Snowmodels can be applied at a pointa lumped formulation or distributed. Point models
simulatesnow conditiongt individual ablatiorsiteswhereas lumped and distributed models
consider a basin scale. The lumped model, where variables are averagtichatedver

the watershed has dtorically been the favored formulation farany snow modelling
applications due to computational constraints and data availability. With improved
computatiortechnology and data acquisitiapplicationsof distributed temperatwi@dex
models have incrasad €.g.,Daly et al., 2000).

Simulating snow conditionsin a distributed grid over &asin should improve the
representation olocal topographd. By incorporating topographical information into the
model, a better representation of locsthow conditios patterns can be achievefuch
modelling effortsgenerally try to include information on slope, aspect, elevation, local
shading, and weather patterns. One approach has been to relate melt to the radiation index
computed from digital elevation modelseaich grid point (Dunn and Colohan, 1999).

Distributed models have been shown to outperform simple lumped approaches, especially
in representing diurnal melt cycles (Hock, 1998). Performance improvements of distributed
temperature index models have beeavah to marginallyimprove with a more complete
representation of the energy balance (Hock, 1999). These results indicate that a large
improvement in model performance can be achieved without a need for increased data
acquisition of other energy balance iahies. Nonetheless, ecent studies in well
documented catchments show that distributed energy balance models outperform distributed
temperature index models where data is sufficient (Kumar et al., 2013 and Jost et al., 2012).
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3. Appli cation and results

The main discussion in this chapter revolves around the methoplécationsand results
developed irthis dissertatiomnd is in accordance with the objectives outlined in Chapter 1,
with referenceo the four papergrepared in this PhD project.

31 Si malti sggasonal gl acier nilass
Application to Br ¥arj°kull

Understanding the spattemporal impact of clima change on snow resources requires a
means of simulatinghe cryosphergoortion of the water cycleeither as part of the larger
terrestrial water cycle or as an individual portion oMany models have been developed
to this end and a review of the jmaclasses of snow odels that have been described in the
hydrological literatureas is discusseth Section 2.3 of this dissertationAll these snow

models are ssociated with their own advantages and weaknesses and no consensus has been

reachedvithin the snow hydrological communitn the optimal snow model configuration
(Essery et al., 2013; Etchevers et al., 2004hner et al., 2018)Thus,to achieveObjective

1 of this dissertatiortp identify the meteorological and climatological drivers of changes in
snow and icanass balance, trenow melt behavior othe well-documentedruarjokull
glacial catchment inSouthEastern Icelandvas simulated using a novel datdven
modelling frameworkThe results of which are presented in this subsection and published
in Eythorsson et al. (2018).

Previously published studies on melt modelling of Icelandic glaciers inajdraee focused
on simulating the behavior of these resources in a daily or finer time resolGaoenzoet
al., 2009;de Wildtet al, 2003;de Wildtet al, 2003; Marshalkt al, 2005) These studies

have considered both physical energy balance models and empirical degree day models,
which have both shown good performance in simulating diurnal melt rates. These models all

rely ondata on some all the factors that govern snow accumuatand snow melt. Given

meteorological forecasts snow models can be used to forecast snow conditions with lead
timesroughly equal to those of the meteorological data used to force the model. Current

meteorological models can forecast weather conditiotis measonable accuracy several

days in advance. However, the uncertainty in the forecast increases rapidly with longer lead

times. Although the skill of Numerical Weather Prediction Models (NWPM) has been
continuously increasing in the past ye@.g. Hoffman et al., 20183now forecasting based
on the output onfitedttoHeadstimes W\&Evdiad days itosa fel weeks.

The ability to predict snow melt behavior with longer lead times than those currently

achieved by modern day NWPM6s would be valu

catchments heavily impacted biyosv, either due to glaciation or large amounts of seasonal

snow. The Bruarjokull catchment represents an ideal study area for seasonal snow modelling

as it is extensively glacierized and the amount of summer melt water that can be stored each

year is one bthe key parameters in operating the Karahnjukar HPP. Making the ability to
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forecast the summer mass balance of the Bruarjokull glacier an important goal to optimize
power plant operations.

3.1.1 Data

The Bruarjokullglacieris the largest outlet glacier of@hvatnajokull ice cap in South

Eastern Icelandlhe glacial meltwater from the Bruarjokull glacier in Sekihstern Iceland

has been mostly utilized in the Karahnjukar Hydro Power Plant (HPP) and reprasshts

oft he inflow into tih&alsigr. Ama résslt omthg powerplane s er v o
development, the environmental conditions in Bruarjokull catchment are extensively
monitored andtime seriesof hydrometeorological and glaciological data have been

collected for decades. The inflow into Halsléime main reservoir of the Karahnjukar HPP,

is measured by Landsvirkjun, the operator of the power plarttmA seriesof inflow

extending from the commissioning of the plant in 2007 with hourly temporal resolution was

made available for the purposes luftresearch.

Mass balance data is collected@verameasurement points across the Vatnajokull glaciers
biannually In spring the winter snow accumulation is measured by ice core measurements
while in the fall, summer ablation is measured from addatvires or rods that are placed on
the glacier during the spring survés.g. Thorsteinssoret al, 2004) The net annual mass
balance of the glacier in each measurement point lvam be estimated as the winter
accumulatiorsubtracted by the summer ablation. FigBishows the location of the mass
balance sites on the Braarjokull glacier.

Palsson et al., 2014sed these mass balance measurements to estimate the annual bass
balance in each of the glacial catchments on the Vatnajokull glacierrésuly there is
available a time series of the annual glacial mass balance in the Braarjokull catchment
extending back to the year 1992. It should be noted that this time series of glacial mass
balance only represents the change in snow mass betweemitigeasyl fall measurement
surveys and does not consider any liquid precipitation that may fall on the glacier during the
summer nor snow that melts outside of the survey period (after the fall survey or before the
spring survey). It does however provideemsonable proxy estimate of reservoir inflow,
which has only been measured since the commissioning of the power plant in 2007.

Several Automatic Weather Stations (AWS) are located on the Vatnajokull glacier, three of
whom are situated on the Braarjokolitlet. These AWS are designed to measure all the
components of the Surface Energy Balance (SE8Jlitionally, several AWS are operated

on land in or in the vicinity of the Bruarjokull catchment. While these-lzasbd AWS do

not measure the radiative cponents of the SEB they do collect data on other parameters
important for estimatinghe SEB, such as air temperature, humidity, wind speed and
precipitation.Figure 3-1 shows the location of the AWS site locations on and around the
Bruarjokull glacier.

The Icelandic climate, and consequently mass balance of the Icelandic glaciers, is
significantly influenced by conditions in the surrounding océag. Hannaet al, 2001,

2004) Large scale circulation patterns in the North Atlantic Ocean can be estimated by
severaindices and variable&tmospheric circulation patterns over the North Atlantic have
been shown to correlate with seasonal temperature and precipitation patterns in Iceland
(Hannaet al., 2004 Eythorsson et al., (2018)e North Atlantic Multidecadal Oscillation

Index (NAOI) (Barnston & Livezey, 1987)as estimated by the National Oceanic and
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Atmospheric Administration (NOAA)the Atlantic Meridional Oscillation (AMOJKerr,

2000) the US National Oceanic Data Center (NODC) estimated quarterly heat content of
the northern Atlantic (6@° W, 3065° N) (Levitus et al., 2012and measurements of sea
surface temperatures, from three locationsiad Iceland, observed by the Icelandic Marine
Research Institufevere evaluated as predictor variables for seasonal melt forecasting. The
North Atlantic Ocean indices have been shown to correlate with seasonal climate patterns in
northern Europée.gPalter, 2015; Zampieat al, 2017)
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Figure 3-1 Location of massbalance sites and Automatic Weather Stations (AWS) where the
glaciological and meteorological data used in Eythorsson et al., (2018), were collediedm Eythorsson

et al. 2018)

3.1.2 Variable selection

The response variable in Eythorsson et gl(2018, was the annual summer mass balance

of the Bruarjokull glacier, as estimated using the methods of Palsson et al., (2014). All the
available environmental data described in sec8dhl was assessed in terms of their
predictive potential by estimating their correlation to the response vargsimated as the

squar e

of

t he

P e ar s o Waiablescwere rarkédadccording to theire f f i ¢

r? value, and variables with af value above a certain threshold valuewere selectetb
develop an ensemble of forecast mod&lse value ofri, was optimized by performing a
sensitivity analysis of the odel results for model forecasts made on tHeoflJuly, as
described irEythorsson et al., 2018 he variables which wendtimatelyselected to create
the final model ensemble are summarize@iable3-1 with their correlation to the observed
summer mass balance of Braarjokull.
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Table 3-1 Predictor variable selected for development of a multimodeforecast ensembleand their
correlation to the observed summer mass balance of Braarjokull, given agvalues(from Eythorsson et
al., 2018).

Variable Location r
Net radiation BruNe (850 m a.s.l) 0.65
AMO index Atlantic Ocean 0.48
Albedo BruNe(850 m a.s.l) 0.47
Albedo BruMi (1,200 m a.s.l) 0.36
Atmospheric Pressure Karahnjukar 0.35
Precipitation Egilsstadir 0.33
Ocean Heat Content North Atlantic 0.32

3.1.3 Multi variate model ensemble

The varables that showed the best predictive performance and are summarized id-Table

1 were used to create an ensemble of all possible multivariate linear regression models with
five or fewer input variables. The number of input variables were restrictadetorffewer

due to the risk of potential overfitting of the models. The number of models to include in the
ensemble was optimized by performing a sensitivity analysis of the model remults
described in Eythorsson et al., 2018

3.1.4 Multi -model inference

Many multivariate regression models can be created by combining five or fewer of the input
variables which showed predictive potential and are presented in 4-ablEo slect any
singleone of thesenodekto infer information about the response variabteild recognize

the existence of several other competing models and reject their predictive potential. Thus
the selection of any one of the possible models is a source of uncertainty in the estimation
of the response variable. Unless this uncertainty duaddel selection is accounted for,
overconfident predictions may be maiéanget d, 2009)

To eliminate model selection as a source of forecast uncertaegrerage of the response
variable can be calculated over a range of plausible models, a method commonly referred to
as model averagingdtjort & Claeskens, 2003)nd is commonly uskin many earth science
disciplines in cases where many competing models are pog¢Bibieann et al., 2018;
Fragoso et al.,@1.8; Hoge et al., 2019 ythorsson et al., (2018)., used the frequentist model
averaging technique and estimated the response varihblsummer mass balance of the
Bruarjokull glacier,M, as the arithmetic mean of all tiptausible models according to
Equation3.1.1

o P

0 S 0 (3.1

Qp

where the index denotes thé&" model considered is the total number of model8, is
the estimated ablation based onkfenodel. The uncertainty in the estimate is taken as the
spread in predicted values of the ensemble of plausible models.
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3.1.5 Selecting an optimal subset of models for inference

The predictive quality of each of the delds in the multimodel ensemble was assessed by
three evaluation metrics: The NaShtcliffe efficiency (NSE), the ratio of the root mean
square error to the standard deviation of the measured data (RSR) and the percent bias. These
three metrics were recanended byoriasi et al.,(2007) for watershed simulations, their
mathematical formulae are described in Equat®h- 3.1.4

B
0 YO p . , (31.2)
5 (3.1.3
Y'Y ,
B
S - z (3.1.9
U 0 00 *¥ ,

B

where n is the number of data points in the datasgt,is’theobserved mass balanoé
Braarjokullin the " year, Ysm is the simulatednass balance in th8 year and Yieanis the
mean observenhass balance. Moriasi and others (2007) suggested thatlaél simulation
could be judged as satisfactory if NSB.5, RSR < 0.7 and PBIAS < £25%.Eythorsson
et al., (2018) an ensemble of optimal models was adateonly selecting those models
from the multimodel ensemble which met these three criteria.

3.1.6 Model Evaluation and results

The skill of the mulimodel forecast ensemble created in Eythorsson et al., (2018) was
evaluated in its ability to forecast thensmer mass balance of the Braarjokull glacier, in
terms of the evaluation metrics NSE, RSR and PBIAS described in Equaiticas3.1.4

The model forecasts were evaluated using-fiold crossvalidation, meaning that the data
were split five ways wher4/5" of the observations were used for calibration ant! i&s

used for evaluation of the resul®&able 3-2 shows the evaluation metrics NSE, RSR and
PBIAS for forecasts made between thd 6 May and the % of July.

Table 3-2 Evaluation metrics, NSE, RSR, PBIAS for forecasts made between the.6f May and 1% of
July (from Eythorsson et al., 2018)

Forecast Date NSE RSR PBIAS (%)
15" May -0.95 1.39 9.2
15t June 0.13 0.93 3.2
15" June 0.45 0.75 2.7
15t July 0.71 0.54 0.27

Figure3-2 shows the model averaged forecasts of the Bruarjokull summer mass balance for
all the five folds used for cross validatifor forecasts made on thé af July, the  and
15" of June and the 1%of May.
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Figure 3-2 Model-average forecasts of Braarjokull summer mass balance for all five folds used for cross
validation (from Eythorsson et al.,2018)

The results ifFigure3-2 andTable3-2 illustrate that satisfactory predictions of the summer
mass balace of the Bruarjokull glacier were achieved when the models were run with data
that are available at thé'df July, at which time the glacial summer melt season is starting.
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32 Observghgbamnow cover changes

Climate change can be expected to impact the extent, duration and \oblsnoevin areas

with both seasonal and perpetual snow c¢egy. Adam et al., 2009; Kapnick & Delworth,
2013) Understanding how these changes distributed spatially and temporally requires
reliable measurements of the parameters that are important for understanding and simulating
snow dynamicsMany snow datasets have been described in the literature and made
available to the research commiynicollected in various spati@mporal resolution and
extent,using different measurement technologiasd containing a wide range of snow
parameters. These data sets rdng individual snow pit measuremeritstime series of

point based in situ meaements, to distributed datasetsrefmotely sensednow cover
extent(e.g. Dong, 2018)Thus,to achieve part oObjective 2 of this dissertatn (assessing

the historical changds snow conditions the spatietemporal changes in snow cover were
estimated usingatellite derivegnow covedataf r om t he MODI S i nstr ume
Terra and Aqua satelliteas it provides with a widest spatiaiverage and finest temporal
resolution of any of thebservationabnowcoverdataetsavailable in the literatur&hese

results are presented in this subsection and published in Eythorsson et al., (2019)

3.2.1 Estimating  Snow Cover Frequency

Snow cover, which persist on the ground for extended periods and occurs regutamby,

of the key elements governing thgdrology and ecology of an ar€davrus, 2007) The
duration of snow cover over the year determines which species of flora and fauna can inhibit
a placge.g.Billings & Mooney, 1968) Snow CoveFrequency (SCF) is an estimate of how
impacted by snow an area is and can be calculated as the number afoseoed days
divided by the number of days in thiear. The SCF is amportant geophysical feature, as

it is a key determinant of the local sack albedo, regulating solar absorptferg. Cohen,
1994)andhasalso be used to estimate species habitdability (Barichivich et al., 2013)

With the advent and availability of large scale open source satellite data observations and
sophisticated computational platforrtiee estimation and mapping of SCF data has been
made possible for theesearch communityin a way hitherto impossiblép analyze and
investigate snow dynami¢e.g. Basang et al., 2017; Choudhury et24121)

Many methods have been applied to remotely estimate key parameters in the terrestrial snow
cover,from both airborne vehicleandsatelltes using a range of sensor technoloizistz

et al., 2012)Data from these sensors are commonly used in hydrological modglong

Dong, 2018; Helmert et al., 2018)ith improved sensing technologies and a maturing
satellite industry, global datasets with high temporal resolution observations or estimates of
snow covehave been madeadily available ah routinely used in snow research. One of

the key snow cover datasets for fireseriday snow research community is the Moderate
Resolution Imaging Spectroradiometer (MODIS)ow coverproduct, which has been
availeble since 2000 and provides global dahow cover extent in 500 m spatial resolution

The MODIS snow dataset has been evaluated based on many other observational snow
datasetge.g. Arsenault et al., 2014; Hall et al., 20549d is frequently sedto study the
observed snow dynamics over the period which has passed since the ygar@0@biane

etal., 2017; Li et al2018) In Eythorsson et al., (201%he MODIS MOD10A1 snow cover
product was used to calculate thenual SCF globally for the period 2002016, and to
identify theareas where there had occurred a statistically significant change in the SCF over
that period.
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The annual SCF was calculated in 500 m spatial resolution across the globe, based on the
MODIS10A1.005 snow cover product. The MOD10A1 snow cover product waspped

to classify each pixel as snowl/ice (1) or no snow/ice (0) for each valid observation in the
dataset. To reduce the panoramic distortion caused by the curvature of the earth, which
causes overlapping satellite scan lines, observations with zegldsamneater than 25° were
removed excluded from the analysis. As this panoramic distortion has been shown to be a
cause of systematic error in snow mappimth MODIS data(Ackerman et al., 2008; Frey

et al., 2008; H Souri & Azizi, 2013Metadata on sensor nadir angle was extracted from the
MODO9GA dataset and merged with the MOD10A1 datae MOD10A1 data was not
subjected to any additional cloud masking as the improvements made to the fifth collection
of MODIS imagery has resulted in significant improvements of its inherent cloud masking
algorithm(Frey et al., 2008and has been shown to be in good agreement with other cloud
detection datase{?\ckerman et al., 2008; Ault et al., 2006; Wang et al., 2068sing
observations (due tce.g., cloud cover, sensor malfunction or polar nightjere
indiscriminately excluded from the aysis.

The annual SCF was subsequergltimatedfor each 500x500m pixel globally as the

numberof dayswhich each pixel was covered with snow, divided by thd tatanber of

valid observations in that pixel, for each year in the period -200®. The trend in annual

SCF in each pixel over the study period was estimated using two statistical slope estimation
methodsl i near regressi on antiod@ennld68)The statisticab t or o f
significance of the estimated trend linessasthen estimated using two rparametric

hypothesis tests: the Maiendall trend tes(Maurice& Kendall, 1975 and Sends sl oy
test(Sen, 1968) In general, comparable results were achieved using both statsitipal

estimation methods. However, the Makandall method was more sensitive to

mi sclassified pixels, especially over per man
showed more resilience to outliers due to misclassified pixels and was thus udled in a
subsequent analysistatistically significant changes to snow cover in each pixel was
reported at two confidence levels (U = 0.01

Figure3-3 showsa map of the areas which were shown to have experienced a statistically
significant increase in SCF (blue) and a statistically significant decrease in SCF (red) over
the period2002 016, as esti mated using tthhee 8 6D .s |
confidence levelThe results presented in FiguBe3 show that over the periotthat the
MODIS data has been collected (26BWL6) there has been a statistically significant
decrease in the SCF in large areas of the continental subatdtigher lattudes, especially
nearthe Arctic coastlinextended areas whetee SCF hdincreased during this periogere
observed. This pattern of increasing SCF is observed in the-westiern Canadian and
Alaskan arctic coastline, the eastern Sibedaastline and to a slightly lesser extent in
northern Fenn&candia and Iceland. However, on the western coast of Greenland and the
southern part of Novaya Zemlya the opposite trend, of increasing SCF was ob3drged.
incongruity of SCF patterns on tleeastline surrounding the Arctic seas is interesting. It is
most likely explained by that in Western Greenland and No¥aynlya the decreasing SCF

is observed due to deglaciation and the loss of permanent snow(Caveet al, 2014;
Melkonian et al, 2016; Straneo & Heimbach, 2013yhereas in the Nortlhmerican,
Eurasian Arctic the patterns of increasing SCF may be due to an increasing volinterof
precipitationwhich causes a deeper winter snowpack and may extend the duration of the
annual snow covdgKopecet al, 2016; Singarayer et al., 2006)
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Eythorsson et al2019)estimated that 8.3% of th&rctic land surfacehasexperienced a
statistically significant (U = 0.05)-change:e
2016). Ovetthe same period the average Arctic SCF, below 500 m.a.s.l., was found to have
decreased by 0.25% per year, or by 9.1 days per decade. These results are in line with the
findings of prior research which have estimated changes to the snow regime in thivarea
number of snow covered days (SCBD)the Northern Hemisphere (Nkjas estimaie to

have decreased by 5.3 days/decade over the MODIS periddritgng et al.(2018)using
remotely sensed MODIS, IMS and AMSRdataHori et al.,(2017)showed that over the

period 19792009 the frequency of snow cover over the NH had decreased by 10 days /
decade, estimated using remote sensing data from MODIS and AVHRR. This trend of
decreasing NH GF has also been simulated based on hglinoatological datasetsiston

& Hiemstra,(2011) used the MERRA reanalysis product to model NH snow cover over the
period 19792009 and observed @verage decrease in NH SCD by 2.5 days/decade.

31



3.3 Esti matainmdg pr e dicchtainngge sg Itoob a |
cl i mactleassi fications

Climate projections, |l i ke those produced by
state variables based on predicted changes tn{prvariables that determine spatio
temporal changes in the state of the climate. The output of such models are thus the value
of the state variables at each time increment that the moded ig, distributed across the
spatial extenbverwhich the model is rurlthoughsuchinformation about parameters such

as temperature and precipitation in a distributed grid across the globe is valuable for many
applications further abstractification of the climate model output can provide insigiht in
important aspects of climate change and the impacts it will have on many processes on the
earttd surface.One way to abstractify this data is to use it to categorize areas of climate
regions that are meaningful in some physical or biological s@msaf the most commonly

used climate classifications systems is the Kopgpeiger system, which has been applied

to a range of studies in many scientific disciplifBsck et al., 2018; Kottek et al., 2006;

Peel et al., 2007Thus, in order to achieve the sed part ofObjective 2 of this dissertation
(assess the historical changes in the climate regime), the-sgraporal changes in Képpen
Geiger climate classifications were estimated using the ensemble of Global Circulation
Model s ( GCMO s Yoject phasmof thénG@Goupfed MotlehIntggcomparison Project
(CMIP5) (Taylor et al., 2012)asthesemodels make up the key scientific background for

the International Panel on Climate Change (IPCC) policy recommendation for global
policymakers, and thus represent the one of the most relevant estimatagetlimate
conditionsfor humanity These results are presented in this subsection and published in
Eythorsson et al., (2019)

3.3.1 Koppen -Geiger classification system

The local climate of an area is a key characteristic of that region in the minds affimsst
human inhabitants. It determines which species of animals and gdemntsside there and it
impacts our level of comfort, our lifestyles and can even impact our mental health. It is one
of the most distinctive feature changes that we notice wialelling from place to place
Using spatietemporal estimates of climate classifications to visualize and quantify climate
variation and change is a valuable methoddsearching the impacts of climate cha(eyg.

Chen &Chen, 2013and to disseminate the work of the scientific community to the general
public in way that resounds with their experiential redkty. Jylha et al., 2010)

The KoppenGeiger(KG) climate classification systeims been widely used in a range of
disciplines to classify local climadeThe system classifies the climate of an area based on
monthly average measurementsao temperature and precipitation and can be applied to
point measurements from individual weather stations or in a distributed grid, using a
distributed meteorological dataset. Tidassification criteria of the Koppe@eiger
classification system arggsented iMTable3-3. The system assigns climates into five main
groupsA (tropical),B (Arid), C (temperate)D (continental) and (polar). All groups except

the mlar climates (groufE) are further divided inteseasonal precipitation subgroups,
marked by the second letter in the climate class, and finally all groups except the tropical
climates (grouph) are assigned a temperature subgroup, indicated by the third letter in the
climate class. Thus, for example, climate cl@ssrepresents temperate climate with dry
and hot summers.
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Table 3-3 Criteria for Ko ppen-Geiger classifications and their symbols
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* MAP = Mean annual precipitation, MAT = mean annual temperature, T not = temperature of the hottest
month, Tcod = temperature of the coldest month, Tmonio = number of months with mean temperatures above
10, Ry = precipitation in the driest month, P say = precipitation in the driest month in summer, P way =
precipitation in the driest month in winter, P swet = precipitation in the wettest month in summer, P wwet =
precipitation in the wettest month in winter, P teshoid = varies according to: (if 70% of MAP occurs in winter
then Prreshod = 2*MAT, if 70% of MAP occurs in summer then Pthreshold = 2*MAT+28, otherwise Bhreshold = 2*MAT
+ 14). Summer (winter) is defined as the warmer (cooler) sixmonth period of ONDJFM and AMJJAS.

From Peel et al., 2007

3.3.2 Projecting  future Climate Classifications

In Eythorsson et al(2019)a code was developed in Google Earth Engine (GEBjelick
et al., 2016})o classiy local climates according to the KG classification critgresented
in Table 3-3. The code was applied to classify the climate of each pixeld@y2ee
horizontal resolution) globally for each year in the time period 29810, using temperature
and precipitation data calculated from #rmsemble average tlie downscaled and bias
corrected CMIP5 GCM results as published in the NAEAX GDDP datasegfThrasher et
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al., 2006) for boththe Representative Concentration Pathway (RR®.5and RCP8.5
scenarig (van Vuuren et al., 2011)

Figure3-4 showsan example othe globalannualKG classifications for the yeail951 and
2099produced in Eythorsson et al. (201Bhe results show a general trend across the globe
where warmer climate classes migrate to higher latitudes, replacing the colder climate
classes. Nowhere is this warming trend as apparent as #rdlie and continental sub

Arctic where climate classessagiated with warm and hot summers are expected to replace
cold summer and polar climates over large areas. This migration of warmer climate classes
into high latitude areas was found to be more rapid and widespread under RCP85 as
compared to RCP45. Howayeinder RCP45 the coverage of the currently most common
climate class in the Arctic (Cold climate with cold summers and no dry se2&gns
expected to decrease by about 40% by the year 2100.

Kodppen-Geiger Classes

Arid

- Hot Desert (Bwh)

I:I Cold Desert (Bwk)

I:I Hot Steppe (Bsh)

I:I Cold Steppe (Bsk)

Cold

[T oryot summer (Dsa)
- Dry/Warm Summer (Dsb)
I ovcold summer (Dsc)
- Dry Summer Very Cold Winter (Dsd)
- Dry Winter Hot Summer (Dwa)
|:| Dry Winter Warm Summer (Dwb)
- Dry Winter Cold Summer (Dwc)
B oryvery cold Winter (Dwa)
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Figure 3-4 Examples of annual KéppenGeiger (KG) classification maps for year 1951 (upper) and
2099 given the RCP45 emission scenario (lower).

The KdpperGeiger classifications projected in Eythorsson et al. (2019), can be explored in
more detail in an online app developed by the first author. The app, available through the
following url: https://dareyt.users.earthengine.app/view/koppengeigprdsents an
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interactivemap of the global KG classifications for the periods 19960 and 2092100

under botithe RCP4.5 and the RCP8.5 emission sees@ased on the ensemble average

of the 21 CMIP5 GCMs in the NASA NEX GDDP database. The application allows the user
to compare side by side how local climates are expected to change over the period 1950
2100 depending on future emission scenarios

Figure 3-5 shows a screenshot of the KG classification app developed by the author. The
KG classification for the period 1951®60 are shown on the leftmost pane, thedhsigpane
shows the KG classifications for the period 2Z4M0 under the RCP45 emission scenario
and the rightmost pane shows the classifications for the periodZ2@@under the RCP85
emission scenario.
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Figure 3-5 Snapshot of the KG classification app developed from the results of Eythorsson et al., (2019).

In Eythorsson et al(2019)climate change over an area was estimated as a change in KG
classification over that area due to a change in local temperature and precipitation patterns
over time given the RCP45 emission scenaRgure3-6 shows the proportional coverage

of the Polar climate classes (ET and EF) and the four tertiary subgroups of theiiGatd cl
classes, Warm summer (Dsb, Dwb, Dfb), Hot summer (Dsa, Dwa, Dfa), Cold summer (Dsc,
Dwc, Dfc) and Very cold winter (Dsd, Dwd, Dfd), across the Arctic for each year in the
period 19562100 with a 15 year rolling average. The most common climate slastiee

Arctic, covering about 50% of its area at present, are the cold climasesth cold
summers (Dfc, Dsc and Dwc). Climate classes associated with very cold winters (Dwd and
Dsd) and polar climates (ET and EF) are expected to decrease ingeowsteadily
throughout the study period. Climate classesociateavith warm (Dfb, Dsb and Dwb) and

hot summers (DfadDsa and Dwayvere shown tancrease irtheir coverage throughout the
period,with a notable acceleration in the rate of increase afeetuim of the 2% century.

The results of Eythorsson et al., (2019), showed that during the perioe2@26@old
summer classes are rapidgplacing polar (ET and EF) and very cold winter (Dwd and Dsd)
climate classes, with cold summer classes reaclingeak coverage around yezi2Q
whereasn the latter part of thetudyperiod(2020-2100)classes with warm (Dfb, Dwb and

Dsb) and hot summers (Dfa, Dwa and Dsaje projected tadvance further north inthe

Arctic, resulting innet decline in the a@rage of the cold summelimate classes.
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Figure 3-6 Proportional areal coverage of the most common groups of KG classes in the Arctic, below
500 m.a.s.l.for the period 19532100. A 15year rolling mean is shown as a solid li@ (from Eythorsson
et al.,2019)

Table3-4 shows the proportional areal coverage of the Polar and Cold Climate classes within
the Arctic and the changes in that proportional coverage between the period9695ind
20902099. The results showdtover the study period the coverage of the most common
Arctic climate class in the beginning of the period, cold climate with cold summers and no
dry season (Dfc) is expected to decrease by 41% while the second most common class, Polar
tundra (ET) is epected to decrease by 34%. The results showed that as these colder climate
classes recede further north, climate classes associated with warm and hot summers are
expected to expand in coverage by 185% and 733% respectively, under the RCP45 scenario.

Table 3-4 Proportional coverage of Polar and Cold climate classes within the Arctic AMAP boundary
and the changes between the periods 194960 and 209€2099(from Eythorsson et al.,2019)

1951-1960 20902099  Net Change

Polar | 26.4% 17.3% -35%

Polar Frost (EF) 0.4% 0.1% -86%
Polar Tundra (ET) 26.0% 17.2% -34%
Very Cold Winters | 15.9% 3.1% -80%

Dry Winters ( Dwd) 4.3% 0.1% -97%

Dry Summers (Dsd) 11.5% 3.0% -74%

% Cold Summers | 49.1% 43.8% -11%
£ No Dry Season (Dfc) 30.4% 18.0% -41%
©  Dry Winters ( Dwc) 2.9% 1.8% -36%
8 Dry Summers (Dsq) 15.8% 23.9% 51%

Warm Summers | 6.6% 18.7% 185%

No Dry Season (Dfb) 4.3% 12.9% 197%

Dry Winters ( Dwb) 0.2% 1.2% 518%
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Dry Summers (Dsb) 2.1% 4.6% 126%
Hot Summers | 2.0% 16.9% 733%
No Dry Season ([Dfa) 0.9% 7.6% 770%
Dry Winters ( Dwa) 0.5% 1.1% 125%
Dry Summers (Dsa) 0.7% 8.3% 1099%
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34 Comparitmgnde |l i mate cl assificat

andSnowCoveftanAr ctcdase study

Eythorsson et al(2019), compared the changes in KG climate classificationsclwvéhges

in the localSnow Cover FrequencysCH, as estimated from the MOD10A1.08&taset,
describedn Section 4.2, within 10 selected study areas in the Arctic. Figirehows the
location of the study areas which were selected as they have been defined by the Arctic
Monitoring and Assessment Program (AMAP) as specific pollution prevention areas,
becausehey are considered to be especially vulnerable to human development and climate
change(AMAP, 2015) The study areas were restricted to the Arctic lowlands, under 500
m.a.s.l.,, as these are the areas which are most important for human development in the
region.Figure 3-7 also shows thérctic area, as delineated by AMAP, with a red dotted

line.
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Figure 3-7 The Arctic area (AMAP, 2015) and the 1(pollution prevention areasin the Arctic which were
selected for comparing changes in the snow and climate domains (frdeythorssonet al., 2019)
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Figure 3-8 shows the annual SCF and the proportional coverage of the two most common
KG classes in each of the study areas shown in Figjdrdor the period 2002016. The

trends were estimated using least square linear regression and the significance of the slope
of the proportional coverage of the KG classes was estimatedtsingnparametriS e n 6 s
estimator of slope and Ma#itendall methods.

The results showed evidence for statistically significant chafiges= ) @ .ore Brboth

main KG climate classes seven of the ten study areas over the period-2008. In all

these cases there had occurred a warming trend, which was observed as either a statistically
significant decrease in a colder climate class or an increase in a warmer climate class, or
both.When compared to the changes in SCF in these same areas three distinct patterns were
revealed(i) in the northernmost areas of the Arctic (Canadian Arctic Archipelago, Svalbard

& East Greenland, Taymir Peninsula & Norilsk Area) no significant trends eEerved

in the KG climate classifications as well as the smallest changes to th@ipi@Rhe study

areas closer to the Atlantic Ocean (Baffin Iceland & West Greenland, Kola Peninsula &
Northern Fennoscandia, Novay Zemlya & Kara and Pechora Areasjicant warming

trends were observed over the same period that the SGQfedradsed significantly in many

areas, andiii) in the study areas closer to the Pacific Ocean (Lower Mackenzie river and
delta area, Northern Alaska, Chuckotsky peninsula, ltees delta)significant warming

trends were observed over the same period that the SCF had increased.
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Figure 3-8 Snow Cover Frequency (SCF) and proportional coverage of the two most common KG
classes in ach study area over the period 2002016(from Eythorsson et al.,2019)

Table 3-5 showsthe estimated changes in the coverage of the two main KG classifications
in each of the 10 areas studied in Eythorsson et al. (2019), over the peried02@G0and

the percentage of the study areas which are below 500 m a.s.l. where a statisticattgsignifi
SCF trend was observed. The results presented in Tdb#h@wa statistically significant

trend in one obothmost common climate classes in seven of the ten study areas considered.
These same areas had proportionally the largest areas whereRhea&@xperienced a
statistically significant change in the local SCF @B.6% atJ = 0. 05) .
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Table 3-5 Changes in coverage of the two main KG classes in the period 268016and the percentage of study areas below 500 m.a.s.l. showing a significant SCF

trend. Si gni fi cant

=r0 ®5corifidersce lavel aré ih woldf¥fom Eythorsson et al., 2019)

SCF significant area [%]

1t KG Class 27 KG class
(%pos. / %neg.)
Change 200k MK oL Change 2001 MK oL L, _ L
Area Name 21 Oz Uuw Name 21 Oz Uuw Ywawyo Ywa wy
2016 [%] p-value 2016 [%] p-value
Cold summer no 3.6 0.9
Arctic AMAP area -7.7% 0.255 inSign Tundra (ET) -5.99% 0.025 Sign
dry season (Dfc) (+0.8£2.8) (+0.2+0.7)
Cold summer no 115 3.7
Chukotsky Peninsula -21.60% 0.72 inSign Tundra (ET) -77.00% 0.0006 Sign
dry season (Dfc) (+11.4/0.07) (+3.7+0.0)
Cold summer very Cold/dry summers 13.6 6.4
Lena River Delta -25.30% 0.006 Sign 490.50% 0.005 Sign
cold winter (Dfd) (Dsc) (+12.9/0.7) (+6.2+0.2)
Cold summer no Dry summer very 1.8 0.4
Taymir Peninsula, Norilsk Area 0.70% 0.881 inSign 13.30% 0.805 inSign
dry season (Dfc) cold Winter (Dsd) (+1.4£0.4) (+0.3+0.1)
Novaya Zemiya, Kara & Pechora Cold summer no Warm summer no 4.8 1.6
-30.20% 0.009 Sign 198.60% 0.006 Sign
Seas, Mouth of Pechora River dry season (Dfc) dry season (Dfb) (+0.5+4.3) (+0.1£1.5)
Kola Peninsula & Northern Warm summer no Cold summer no 9.1 3.6
. 29.60% 0.009 Sign -62.20% 0.003 Sign
Fennoscandia dry season (Dfb) dry season (Dfc) (+2.3+6.8) (+0.7+0.29)
Warm summer no 1.2 0.9
Svalbard and Eastern Greenland -3.40% 0.52 inSign Tundra (ET) -1.30% 0.21 inSign
dry season (Dfb) (+0.6£1.6) (+0.2+0.7)
Baffin Island and West Greenland Cold summer no 7.8 3.0
Tundra (ET) -7.00% 0.025 Sign 5.00% 0.042 Sign
Area dry season (Dfc) (+3.1+4.7) (+1.1£1.9)
Canadian Arctic Archipelago & Cold/dry summers 1.3 0.5
Tundra (ET) -8.10% 0.255 inSign 6.50% 0.22 inSign
Arctic Islands (Dsc) (+0.08£1.2) (+0.2+0.3)
Lower Mackenzie River and Delta Cold/dry summers Dry/hot summers 11.3 45
-11.29% 0.21 inSign 32.78% 0.02 Sign
area (Dsc) (Dsa) (+10.7£0.6) (+4.3+0.2)
Northern Alaska and North slope Cold/dry summers Dry/hot summers 11.1 43
4.03% 0.45 inSign 84% 0.006 Sign
area (Dsc) (Dsa) (+11.05/0.05) (+4.3+0.0)
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The warming trend observed across the Arctic in Eythorsson et al., (2019), is unsurprising
as there i@ consensuthat the Arctic is warming at an amplified ratecompared to the

global averageA phenomenon known as polar amplification which has been documented

in present and historical periods of rapid climate chddg€ohen et al., 2014; Serreze &
Barry, 2011; Serreze & Francis, 2006lpowever, thebserved regional differences in how
snow resources respond to this warmamgnotable, and important for local hydrological

and ecological adaptation strategies in these areas. In the northernmoéi) dheaocal
temperature has indeetsen; howeve, this rise has not resulted in a change in climate
classification. Since there has not been any notable change in the general climatology of
these regions, they are not expected to have undergone major snow hydrological changes. In
the regions closer tthe Atlantic Ocearii) cold climates are replacing polar climate and
warm and hot summer climates are replacing cold summer climates within the Cold climate
group, in line with this shift toward warmer climates the local SCF has decriedsede

areasln the study areas closer to the Pacific Odgignthe same climate warming trends

are observed as in ii), however, this rise in temperature has been accompanied with a larger
increase in precipitation, as sea ice concentrations in these areas hasedesiggaficantly

in recent years, increasing local evaporati@md, subsequently, precipitation rates
(Maslank et al, 2011; Serreze & Stroeve, 2015%yhich is likely toincrease both the
frequency and volume of snowfall.
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35 Projecting c¢chNMHhgresew esour ces
undedi fferent c¢climate change sc

The conclusions dEythorsson et al., (2018howed thasignificant changes were estimated

to have occurred in the climate and snow regimes in the Arctic over the last decades. To
understand how snow resousagill continue to be impacted la/changing climate, future

snow conditions must be simulated basedcarrent best estimates of future climate
conditions As demonstrated bigythorsson et al., (2018gasonal ablation behavior in areas

with abundant snow and ice resources can be predicted reasonably well a fias mon
advanced based on the initial conditions of the surrounding ftjdnatological system and

as discussed irsection 2.3 of this dissertationyeliable shorte term forecasts can be
produced based on initial state variables and meteorological forecasts. However, to simulate
large scale snow response to climate change over a longer time frame, snow conditions
should be simulated based on the results of sciegtifiaccepted climate model results.
Thus, in order to achiev@bjective 3 of this dissertatioisnow conditions were simulated
based on the CMIP5 GCM ensemble for the time period -P390 in a 0.Zlegree
horizontal resolution, using thex®17 conceptussnow model which has been used by the
National Weather Service Riveror ecast System ( NWESAMBesshn, si nce
2006) The result®f which arepresentedn this subsectionral Eythorsson et gl(2023b).

3.5.1 Methods

As discussed in Sectidh3 of this dissertation there exists a wide selection of snow models
which have been developed farrange of applicationsn Eythorsson et al. (2@b) the
Snowl7 model(Anderson, 2006as selected since: it has low input data requirements
(temperature and precipitation} has an extesive record of operational use with the
National Weather Service River Forecastt8ys(NWSRY; it provides estimates of many
key snow variables which are empirically approximatedl it has been applied to several
regional studies on climate change impacts to snow resdetgeMiller et al., 2011; Notaro

et al., 2014)

The $owl7 model is a conceptual snow accumulation and snow melt model simulates the
most relevant processes that occur within a snowpack, including heat storage, water
retention, transmission of liquid water and snow melt. The modellaiesuthese key
processes based on a temperature index approach and the only data inputs required are
temperature and precipitation. The Snow17 model simulates the snowpack as a single layer
and can be applied to point measurements or in a distributed gaautputs of the Snow17

model are the Snow Water Equivalé8WE) of stored snow and the outflow (precipitation
runoff and snowmelt) in each grid point for each time step with which the model is run.

Tools and datasets

In Eythorsson et al. (2@b), Goagle Earth Engine (GEH)Gorelick et al., 2016yvas used
to accesshe data used in the study, to performniedel simulations as well as to perform
all spatietemporal and statistical analysis of the results. ArcMap 10.7.1 wasousextiuce
the illustrations of the results presented in the Article and this settbte3-6 summarizes
the datasets used itythorsson et al. (2&b).
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Table 3-6 Datasetsused for snowmodelling and parameter estimation and model evalu&in (from
Eythorsson et al. 203b)

Dataset Description Purpose Reference
MOD10A1 . (D. K. Hall, Salomonsot
V006 MODIS/Terra snow cover product. | Model evaluation & Riggs, 2016)
- Model evaluation
GLDAR Global daily hydremeteorological data | - Model forcing (Rodell et al., 2004)
- Parameter estimation
NASA NEX | Ensemble of 21 daily downscaled and b .
GDDP corrected GCMs from the CMIP5 projeq Model forcing (Thrasher et al., 2006)
GTOPO30 Global Digital Elevation Map (DEM) | Parameter estimation (LRDAAC, 2004)
GLCF Global Land Cover Data Parameter estimation (Sexton et al., 2013)
WGS43261 Arctic permafrost map Parameter estimation (Brown et al., 2002)

Parameter estimation

The Snowl17 model requireteven model parameters to operate. These model parameters
must be specified by the user of the model and if the model is run in a distributed fashion,
the model parameters must be evaluated in each grid cell to which the maygies. In
Eythorsson et al.,, (2@»), model parameters were determinbdsed on previously
published guidelines for the Snow17 modegbending on local conditioyasestimated from

global hydreclimatological dataset3.he followingare descriptions dhe Snow17 model
parameters along with the methodology applied to parameter estimation forTéach.
parametervalues and source methodology used for the parameter estimation in Eythorsson
et al. (208b) aresummarized imMable3-7.

Table 3-7 Snowl7 parameters description, value rangesand estimation methodologyfrom
Eythorsson et al. 2@3b)

Parameter Description Range Units Methodology
GCF Gauge undecatch factor 1.0 - Andersson, (2006)
MFMAX Maximum Melt Factor 0.7¢2.4 mm/°C*6h Mizukami & Koren, (2008
MFMIN Minimum Melt Factor 0.001¢ 1.5 mm/°C*6h Mizukami & Koren, (2008
UADJ Average wind during rain on snow| 0.02¢ 0.4 mm/mb Andersson, (2006)
PXTEMP | Temperature determining rain/snow -1¢3 °C Andersson, (2006)
MBASE Base temp. where melt occurs 0 °C Andersson, (2006)
NMF Maximum negative melt factor 0.05¢ 0.3 mm/°C*6h Andersson, (202)
TIPM Antecedent temperature index 0.05¢ 0.2 - Andersson, (202)
PLWHC Liquid water holding capacity 0.02¢ 0.3 % Andersson, (208)
DAYGM Constant basal mettate 0¢0.3 mm/day Andersson, (2006)

GaugeCatch Factor@CF)

The GCF corrects the amount of new snow recorded for each time step to account for gage
catch deficiency, blowing snow across areal divides and sublimdt@nforcing datasets

that were used in this project do not suffer from gage catch deficiencies silGERAS
precipitation is estimated from satellite observatiMatthew Rodell et al., 2004nd the
NASA-NEX GDDP dataset is downscaled and bias ctedeasing the GMFD dataset which

has been corrected for gauge undercatch eri®neffield et al, 2006) Also, when
simulation across long time periods with multiple snow fall events, gage catch efficiencies
can be assumed tancel ou{E. Anderson, 2006)Vhen simulation snow cover across large
areas, the amount of snow transferred across areal divides can be assumed to be negligible
(Anderson, 2002)TheGCF was therefore set to be 1 globalyEythorsson et al., (2GB).
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Maximum Melt Factor (MFMAX)

TheSnow17 model uses a melt factor to estimate the amount of surface snowmelt that occurs
based on air temperature, precipitation volume and ptatign temperaturéAnderson,

2006) The melt factor oscillatesinusoidallybetween a maximum value, MFMAX, which
occurs at the summer solstice {2f June) and a minimum value, MFMIN, which occurs at

the winter solstice (21of December). MFMAX was estimated for eachdabgrid cell

based on the average surface energy balance in that grid cell, as propbsedkayni &

Koren, (2008, as described by Equati@5.1:

f e n A PBUG P QZY  c8IT T8 €O (3.5.9
U OLow <Y b

Whereg is the percent forest cover in each grid dedk is the ratio between solar insolation
at ground level with topography and without topograpRyis the ratio between solar
insolation in the winter and in the summer ans the wind speed at 10m abowe surface.
The percent forest cover in each grid og/iwas estimated based on the tree canopy cover
dataset from the Global Land Cover Faci(BLCF) (Sexton et al., 2013)in Eythorsson et

al., (2023h), Ros was estimated in a distributed grid using the methodiécGiune & Keon,
(2002 and elevation data from the Global Digital Elevation Map (GTOPO30) ddtd>et
DAAC, 2004) To estimateR, the average winter and summer solar insolation were
estimatedin a distributed gricas the net average incident shortwave radiation in winter
(DecembeitfFebruary) and summer (JuA@igust) from the GLDAS datasdMatthew
Rodell et al., 2004for the period 19510999.The average wind spead,was estimateth

a distributed grid as the mean wind speed in June from the GLDAS dataset for the period
19501999

Minimum Melt Factor (MFMIN)

MFMIN occurs on the winter solsti@nd represents tlenallest value of the melt factor in

each grid cell over the year as it occurs at a time with the lowest amount of surface radiation.
In Eythorsson et al., (28h), MFMIN was estimated in a distributed grid based on the local
SurfaceEnergyBalance(SEB) according to the methods proposedMiigzukami & Koren,

(2008, as described by Equati@b.2

0 00 O0Yz0) "O0 0 W (3.52)

WhereR is the ratio between solar insolation in twenter and in the summer, which
estimated as the ratio between the net average incident shortwave radiation in winter
(Decembeifeb) and summer (JuAaugust) from the GLDAS dataset for the period 1950
1999.

Snow covelndex SI)

Sl is a modeparameter which describes the mean areal Snow Water Equivalent (SWE)
above which there is always 100% areal snow cover. In Eythorsson et abb)(262 Sl
parameter was set at 999 mm globally based on the guidelines preseAtedenson,

(2002). As the model resolution is course enough that a range of topography can reasonably
be expected in eadrid cellthe SI parameter was not distributed spatially.

Areal Depletion Curve (ADC)
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The ADC is a curve that defines the areal extent of snawraas a function of how much

of the original snow remains after significant bare groundbasedafter a melt event and

thus implicitly accounts for the reduction in areal melt rates as less area is covered by snow.
In Eythorsson et al., (2@B) the ADCwas variedinearly between {1 based on the ratio of

the SWE state variable at each model timestep in each grid cell and Sl according to the
guidelines in Andersson., (2006) as described by Equattof

Yo'O
506 0 b G (3.53)

Adjusted windspeed (JADJ)

UADJ describes the average wind function during rain on snow events and is used in the
model to estimate the sensible and latent heat transfer components of the snowpack SEB. In
Eythorsson et al., (2@D) UADJ was estimated in a distributedcdgbased on the guidelines
presented in Andersson., 2002, as described by Equabah

YO 008t MO (3.5.9

Where y is the sixhour wind travel in km, one meter above the snow surface. In Eythorsson
et al., (203b), UADJ was estimated as the average wind speed from the GLDAS wind field
for the period 1951999.

Precipitation PartitionRXTEMP)

The portion of precipitation that falls as snes: rain is described by the model parameter
PXTEMP. The form of precipitation varies based on air temperature and below a set value,
PXTEMPL1, all precipitation falls as snow and above a set value, PXTEMP&apitation

falls as rainln Eythorsson et al., (28B) PXTEMP1 was set tel°C and PXTEMP2 was

set to 3°C globally and between these values the PXTEMP parameter was varied linearly,
based on the guidelines presented in Anderson, (2006).

Melting Pont TemperaturéeMBASH

MBASE is to determine the temperature gradient for-ream melt computations and
represents the temperature at which snow begins to melt. In Eythorsson e8h) {26
MBASE parameter was set to 0°C globally, based on the guédgbresented in Anderson,
(2006)

Negative Melt FactorNMF)

The negative melt factor is used in the Snow17 model to determine the energy exchange at
the snowair boundary when melt is notcurring,and it has the same seasonal variation as

the nonrain melt factor.Andersson, 2002, recommends a maximum NMF range of 0.05 to
0.30, where lower NMF values are associated with areas where the average snow density is
less than 0.3 g/ml and higher values associated with areas where snow density is generally
higher than 0.5 g/ml. In Eythorsson et al., (3B2 show density was estimated a
distributed gridfrom the snow depth and snow water equivafemin GLDAS-2 for the

period 19501999 For areas with low snow densities (<0.3 g/ml) NMEs set td.05,
wheresnow density was high (>0.5 g/ml) NMkas set td.3, and linearly interpolated
between these values elsewhere.

Antecedent Temperature IndeXPM)

45



TIPM is an antecedent index of snow pack temperatures near the sArideeson (2002
recommends TIPM values of 0.05 for areas with generally deep snowpack (greater than 3
feet maximum depth) and values of 0.2 for areas with shallow snowpack (less than 1 foot).
In Eythorsson et al., (2@B) the mean annual maximum snow depth veasculatedin a
distributed gridfrom the GLDAS-2 datasetor the period 1951999.For areas with deep
snowpack ¥ 3 ft) TIPM was set t®.05 for areas with shallow snowpack { ft) TIPM was

set to 0.2 and for areas with medium snowpack (1ft < & <M was interpolated
linearly.

Physical Liquid Water Holding Capacitl(WHQ

PLWHCis given as the decimal fraction of ice in the snéwderson, (200Rrecommends
PLWHCVvalues between 0.02 and 0.05 with the lower values associated with areas with dee
snow cover.In Eythorsson et al., (28D) the mean annual maximum snow depth was
estimatedn a distributed gridrom GLDAS for the period 1950999.For areas with deep
snowpack® 3 ft) PLWHCwas set t®.02, for areas with shallow snowpack 1 ft) PLWHC

was set t@.05 and for medium snowpack (1ft < & < 3 WHC wasinterpolated linearly
between these values

Basal Melt RateAYGM

DAYGM describes the constant daily amount of melt at the ground snow interface
(mm/day) Anderson, (2002)ecommeds DAYGM values between 0 for generally frozen
soils to 0.3 in areas with intermittent snow coveteonperatelimates. In Eythorsson et al.,
(2023b) frozen soils were identified using the Nigrmafrosimapfrom the National Snow

and Ice Data Ceat (Brown et al., 2002)in areas with continuous permafrost DAY GNas

set t00.0,in areas with discontinuous permafr@#Y GM was set td@.1, in isolated patches

of permafrosDAYGM was set to @ and inother areas DAYGMvas set td).3.

Model Evaluation

In Eythorsson et al., (28B) the Snow17 model results were evaluated based on distributed
historical data on thlorthern Hemisphere (NH) Snow Water Equivalent (SWE) and Snow
Covered Area (SCAJThe model was run with two different forcing datasets for evaluation
purposes: i) NASA NEXGDDP and ii) GLDAS2. The simulated snow conditions were
compared to a) SCA from éhMODIS/TERRA snow cover dataset (MOD10A1.v006). b)
SCA calculated from the GLDAS dataset and c¢) SWE from the GLDRSlataset. The

model was evaluated for the period of the 2004 water year. This year was selected as it is in
the overlap between the dat@ailability of MODIS/TERRA (20041 2020), GLDAS?2
(19482010) and historic GDDP data (192006) and it had an average SWE across the NH
within that period of overlap.

The model was forced with both the NASA NESODP dataset and the GLDAS
dataset for tl historical period to i) compare the accuracy of snow conditions simulated
using bias corrected GCM results and simulations based on an assimilated data product that
incorporates satelliteand ground based observational data with land surface modeiling a
data assimilation techniques and ii) to assess the NMEX GDDP results in light of the
model 6s capabil it y2Swafieldeugpirlg forciagtdata ftorh that <aned A S
dataset.

The correlationbetween the simulated and observed daily SWE &6& was

estimatedoy cal cul ating the Pearsondés Correlatio
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simulations and observatiorn&he ratio between the root mean square error and the standard
deviation (RSR) waslso calculated for all combinations of simulations and observations
for both SWE and SC/ASimulatiors were considered satisfactorylSR< 0.7as suggested

by Moriasi et al.,(2007)

Snow Projections

In Eythorsson et al., (2@B) the Snow1l7 model was run in GEE to simulate daily snow
conditions across the Northern Hemisphere (NH) over the perio@G-283 in a 0.2°
horizontal resolutionThe model was forced with daily temperature and precipitation data
from the ensemble of the 21 downscale and bias corrected GCM results from the CMIP5
study, as contained in the NASXEX GDDP datasetThe model wasnitialized at the
beginning of each water year during the study period so that it would not store water between
years.

3.5.2 Results

Model Evaluation

The model was evaluated based on both Snow Cover Frequency (SCF) and Snow Water
Equivalent (SWE) for the 2004 & year. The model wasn with inputdata from both the

NASA NEX-GDDP and theGLDAS-2 datasetsthe runs are referred to as (GDdaPand
(GLDAS:sim), respectivelySimulated SWE values were compared to GLBASWE data
(GLDAShs) and simulated S& was compared to SA& estimated from both
MODIS/TERRAdata(MODobg andGLDAS-2 (GLDAShis).

Figure3-9 shows the Snow Cover Frequency (SCF) for the 2004 wateagestimated by:
i) GDDPsim ii) GLDASsim iii) GLDAShistand iv)MODobs
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Figure 3-9 Snow Cover Frequency (SCF) for the 2004 water year, i) as simulated using the ensemble
average of the NASA NEXGDDP dataset(GDDPsim), ii) as simulated using GLDAS2 data (GLDASsim),

iii) as observed in the GLDAS2 data (GLDASHist) and iv) as observed by MODIS/TERRA(MOD obs)
(from Eythorsson et al. 203b)

Figure3-9 showssimilar snow cover patterns across the four SCF estitrtdtegever, there
are a few minor discrepancids:GDDPsin (i) there isalack of snow cover imorth-eastern
Alaskadue to minimal precipitation in this areghis is also visiblén GLDASsim (i), though
lesspronounced. The largest SCF values were obsen@dASyis (i) , which especially
showed a higheBCFon the Tibetan plateau. In genefdiQDobs (iv) was more consistent
with the simulate@dCFthanGLDA Shist.

Figure 3-10 shows the mean annual SWE for the 2004 water gsaestimated byi)
GDDPesim: i) GLDAS:sim iii) GLDAShist. Note that the GLDA&s: shows the full depth of the
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Greenland glacier and thus tB®VE data are not comparable theke depicted irFigure3-

10 there weresimilar SWE patterns between ttieee SWE estimate3he highest values
wereconsistently observed in Southern Greenland as well as in coastal regions around the
Northern Atlantic Oean and the pacific northwest in Northern America. The results show
that GLDAShist has generdly lower SWE values as compared tooth GLDASsim and
GDDPsim. This may not be surprising as studies have shown th&LBPAS-2 snow field

has a negative bias esmpared tanostother global SWE produc{®udryk et al., 2015)
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Figure 3-10 Mean annual SWE for the 2004 water year, i) as simulated using the ensemble average of
the NASA NEX-GDDP dataset(GDDPsim), ii) as simulated using theGLDAS-2 dataset(GLDASsim) and
iii) as observed in theGLDAS-2 dataset(GLDASHist) (from Eythorsson et a., 2023b).

Figure3-11 shows he correlation between simulated and obsedagly SCA for the 2004

water year, as estimatedBye ar son6s Cor rRforéhe ¢ometationshetvieéni c i
1) GDDPsim and GLDASist ii) GDDPsim and M@Dgps iii) GDDPsim and GLDASim iv)
GLDASsim and MODybsV) GLDASsim andGLDAShist andvi) GLDA Shistand MODyos
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Figure 3-11 P e a r sCGomefaton, R, for daily SCA values over the 2004 water yearas estimated
between I) GDDPsim and GLDAShist ||) GDDPsim and MODobslll) GDDP sim and GLDAS:im |V) GLDAS sim
and MODobs SCA V) GLDASsim and GLDAShist and vi) GLDA Shist and MODobs.
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The results irFigure3-11 indicatethatthe lowest correlations were observed between the

two observed data products QDopsand GLDASist (vi). Generaly, lower correlations were
observed for the comparison betwd@hDASsim and obserations(v andiv) than for the
comparison betweeBDDPsim and observed valug¢sandii). The highest correlations were
observed between thgvo simulated products (iii))Consistently in all estimations, the
lowest correlations are observed in areas close to the southern edge of the snow boundary,
where freeze and thaw cycles are frequéhis is unsurprising as these areas have the most
conmplex snow cover dynamics.

Figure3-12 shows he correlation between simulated and obsedaely SWE for the 2004
water year, as estimatedBye ar s on6s Cor rR forahe cooamatiooshetvfeeni c i e n
i) GDDPsim and GLDASistii) GDDPsim and GLDASim and iii) GLDASim and GLDASyst.
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Figure 3-12 P e a r sComefaton, R, for daily SWE values during the 2004 water yearas estimated
between i) GDDRim and GLDAShist ii) GDDPsim and GLDASsim and iii) GLDAS sim and GLDAShist

Figure 3-12 showsthat the highest correlations were observed between the two simulated
products(Fig 51)). The results showed that the highest inconsistencies between simulated
and observed SWE aren the Tibetan Plateau, the north Shore of Alaska and the Canadian
Arctic Archipelagoas well asn areas close to the southern edge of the snow boundary,
where freeze and thaw cycles are frequent. These areas have in common that the average
annual SWE is low and as is the absolute volume of precipitation that fallsvas sn

The correlation betwee@BLDASsim and GLDASist was notably lower than the correlation
between th&SDDPsim andGLDAShistasFigure3-12 shows.

The model evaluain showed that the model produced similar SCA and SWE patterns as
those observed by MODIS/Terra and GLD&Snow cover data, as illustratedHigure3-9
and Figure 3-10. The correlations between simulated and observed daily SWE and SCA
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values are high in most regions of the H$ldepicted ifrigure3-11 andFigure3-12. This
suggestshatthe model provides as good an estimate of NH SCA and SWE as do either of
the observed productdn terms of the evaluation metric RSR, the model provided
satisfactory redts when compared to SWE and SCA observatidimis, themodel is
expected to provide a reasonable estimate of future snow conditions when forced with
climate projections.

Projecting future snow conditions

The averagannualnumber of SnowCovered Days (SB) was calculatedor the first and
last quarter centuries of the dataset, tAeg@arter of the 20century19501975and the &
quarter of the Zlcentury2075210Q respectively.

Figure3-13shows i) the mean SCD f&®50-1975ii) the percentage change in SCD between
20752100 and 1950975under RCP45 and iii) same as ii) but RCP85.
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Figure 3-13 i) Mean number of SnowCovered Days (SCD) for the period 1950975, ii) percentage
change in SCD between 2073100 and 19501975 under RCP45 and iii) same as ii) but for RCP88rom
Eythorssonet al., 2023b).

The results shwn in Figure 3-13 indicate that the frequency of snow cover is expected to

decrease during the present century, across the NH. The only areas that show an increasing

SCD are on the border of the Tibetan Plateau and the Gobi Desert. Snow cover is expected

to disappear almost completely in many #atitude areas at the periphery of the current

seasonal snow extent. Large regions in Central Europe, Northern MiddleNBetstern

China as well as in the Northern part of the conterminous USA are expected to be mostly

snow free throughout theear by the end of the present century. Even in the northern Arctic

SCD is expected to decr ea=ssuswblyd uepmitsos i 205n% sgcie
(RCP85).

The average annual Snow Water Equivalent (SW&3 calculatedor the first and last
quarter centuries of the dataset, respectivélyure 3-14 shows i) the mean winter (SWE)
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for 19501975 ii) the percentage change in SWE between 208 andl9501975under
RCP45 and iii) same as ii) but for RCP85.
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Figure 3-14 1 Snow Water Equivalent (SWE) for theperiod 19501975, ii) percentage change in SWE
between 207582100 and19561975under RCP45 and iii) same as ii) but for RCP8%from Eythorsson et
al., 2023b).

Figure3-14 shows that themean winteiISWE is expected to decrease in mid latitude areas

of the NH during the present century. At higher latitudes however SWE is expected to
increase, in some cases by more than 100%. The bigdps/e increase in SWE is expected

to occur in the high Arctic areas around the Bering strait, eastern Siberia and the north
western coast of North America as well as in the western Tibetan Plateau. These increases
are more pronoun@eud uwar de re me sfsh wsi rsecsesnar i o
scenario where global radiative forcing due to anthropogenic GHG emissions is expected to
stabilize around migentury (RCP45). The decreasing SWE at lower latitudes is likewise
expected to be more pronowacgiven RCP85 compared to RCP45.

Figure3-15shows thesimulatedNH average % April SWE over theperiod 19562100(left

pane) andthe NH average annual SCF oves 8ame perioftight pane). The results show
thatunderthe RCP85 scenario $(s expected to decreasearlylinearly throughout the
present centurywhereasgiven RCP45 the SEis expected to stabilize at about 85% of
19501975 levels by the end of the 21st centuly' April SWE is expected to increase
slightly in the beginning of the period and then start to decline by about 2020, back+to 1950
1975levels under RCP45 and to%Qunder those levels under RCP85.
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Figure 3-15Annual SnowCover Frequency(SCF) (right) and 1%t of April Snow Water Equivalent (SWE)
across the NH [eft). The shaded areas represent the upper and lower qutiles of the ensemble
simulations, and the solid line a 1§/ear moving average(From Eythorssonet al.,2023b).

Figure3-15alsoshows that the frequency of snow cover is expected to decrease significantly
throughout the Zlcentury given both emission scenaribigjure 3-14 shows that most of

this decrease will occur at lower latitudes where seasonal snow cover become less frequent.
Figure3-15 shows that this decrease in SCD is already underway, which is in an agreement
with several earlier studies which have found decreasing snow cover in the NH in recent
decadegDarri Eythorsson et al., 2019; Hori et al., 2017; Yunlong .eRél18) Figure3-15

also shows that despite decreasing SCF thelNApril SWE is expected to increase over

the 2% century.Figure 3-14 shows that this increase is driven by increasing SWE in the
Arctic, whereas at lower latitudes, SWE is decreasing

This increase in snow in the high acas attributed to increasing precipitation, which in turn
stems from decreasing siE& concentrations in the Arctic Ocean, which brings more
atmospheric moisture to these areas. The increasing SWE at high latitudes is consistent with
prior findings(e.g.Kopecet al, 2016; Singarayer et al., 2008he results of this study show

that under RCP45, increased precipitation in high latitude areas will result in an increasing
15! April SWE throughout the 2century, wheras under RCP85 the NH! April SWE will

peak in second half of the century as the declismmvpackat lower latitudes overtakes the
increasing arctic SWE. This pattern of decreasing SWE at lower latitudes and increasing
SWE in the Arctic has been obsedvin previous studigg.g.Wang et al., 2018)

Eythorsson et al. (2@D) calculated theelative change iboth SWE and SCD (in %)
between 1950975 and 2072100in some of the largest snenmmpacted watersheds of the

NH. Figure3-16 shows the study basins, color coded by the chand& April SWE. Blue

colored basins showedore than 10% increase in SWE, red colored basins showed more
than 10% decrease in SWE while grey basins showed less than 10% change in SWE, under
the RCP45 emission scenario.
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Figure 3-16 Changes tol1s* April SWE in the study basins selected in Eythorssoet al., (2023b). Blue
basins showed more than 10% increase in SWE, red basins showed more than 10% decrease in SWE
while grey basins showed less than 10% change in SWE, under the RCP45 emission scendiriam
Eythorssonet al., 2023b).

Table 3-8 shows the relative average change in SWE and SCD betweernl2850and
20752100 in the river basirselected in Eythorsson al. (2038b). The basins whenmean

winter SWE is expected to increase by more than 10% under RCP45 are colored blue,
likewise the basins where SWE is expected to decrease by more than 10% are colored red,
basins where SWE is expected to change by less than 10% are colored grey.

Table 3-8 Relative change in SWE and SCD (in %) between 195075 and 2075100 in the study basins.
Basins colored blue have more than 10% increase imean winter SWE over the period, red colored
basins showed more than 10% ekcrease in SWE and grey colored basins had less than 10% change in
SWE, under the RCP45 emission scenarirom Eythorsson et al., 2023b).

, RCP45 | RCP85
Basin
n {29 n {/5np {29 p {5
Indigirka 56.7 -6.4 97.3 -10.9
Kolyma 46.5 -6.5 74.1 -11.4
Lena 31.8 -7.2 52.5 -12.5
Yukon 33.4 -14.0 48.4 -20.9
Ob 28.4 -9.2 18.7 -19.2
Yenisey 26.4 -7.8 42.0 -14.7
Mackenzie 12.3 -9.0 14.3 -16.2
Volga 2.5 -15.9 -9.8 -30.2
Dalalven -3.9 -15.6 -22.6 -33.4
Fraser -4.9 -20.2 -29.1 -36.6
SaskatchewarNelson 0.5 -12.9 -12.6 -23.6
Indus -4.0 -14.6 -7.1 -23.1
Mekong -8.0 5.0 -11.8 9.5
GangesBrahmaputra -15.7 -12.9 -20.8 -18.7
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St. Lawrence -19.8 -20.9 -44.0 -43.7
Amur -25.8 -20.0 -42.9 -26.4
Don -24.1 -21.7 -61.6 -48.1
Dnieper -34.7 -25.9 -84.0 -68.5
Yangtze -27.0 -21.3 -31.4 -26.3
Seine -46.8 -45.8 -46.9 -45.9
Colorado -43.0 -40.7 -53.2 -51.3
Columbia -55.9 -53.5 -73.2 -72.4
Mississippi -58.4 -48.7 -73.4 -66.4
Rhone -76.8 -70.6 -81.4 -76.9
Danube -78.8 -67.5 -92.8 -89.0
Rhine -94.3 91.2 -97.5 -97.0
Vistula -81.3 -58.7 -99.0 -96.2
Oder -95.9 -90.9 -99.5 -99.0
Elbe -92.0 -81.6 -99.8 -99.0

Figure 3-16 shows that all study basins flowing to thectic Oceanare expected to
experience a more than 10% increase@an winteiSWE whereas in lower latitude basins
SWE are mostly expected to dease. This decrease is most pronounced inlatitdide

rivers of central Europe (Elbe, Oder, Rhone, Vistula, Danube and Dneiper) and North
America (MississippiColumbia,and Colorado). Basins of the Himalaya region are expected
to experience both decreagiSCD and SWE, however, not as pronounced as in the central
European and North American basins.

Table3-8 shows that in all basins the SCD is expected to decrease during the study period,
under both emission scenarios. The decrease is greater under the RCP85 scenario than under
RCP45, with some basins expected to experience an almost complete loss of ssrow cov
given the businesasusual (RCP85) scenaridable3-8 shows that despite decreasing SCD

the 15'of April SWE is expected to increase in all the northernmosh&aghis is attributed

to increasing precipitation, as these historically arid areas receive more atmospheric moisture
as sea ice cover decreases and more open water is eXggsedopec et al.,, 2016;
Singarayer et al., 2@).

The declining snow pack in the basins in the subarctic North America has been well
documentede.g. Kang et al., 2016; Mote et al., 200B8)recent study showed that across

the conterminous United States both SWE and SCD decreased significantlyeoperiod
19822016 (Zeng et al., 2018vhich is consistent with the results of this study. Previous
studies on snow resources in the Himalaya region have shown decreasing frequency of snow
cover as well as decreasing snow storage and snow melt (Mzaffer et al., 2019; Stigter

et al., 2017)which are consistent with éhfindings of the present study. A recent study of
in-situ snow depth measurements found that the mean snow depth had decreased by 12%
per decade over the period 195117 (Fontrodona Baclet al, 2018) The increasing
snowfall in Northern Eurasia has also been studied, and has been shown to have decreased
the length of the growing seasfriaganov et al., 1999)n the Arctic region, the results of

this study are consistent with prior studies which have found increasing snow(e€aver
Cohen et al., 2012; Eythorsson et al., 2048 snow storag@Callaghan et al., 2011h

recent decades. THiadings presented in Eythosset al. (203b) show thathese observed
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trends, decreasing snow resources at lower latitudes while increasing in the Arctic, will
continue at a steady or increasing pace, at least for the next few decades.
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36 Anal yzhinsgt ori cal and predicted

coveand climatei arease study
|l cel and

Snow and ice are key components of the Icelandic ecology and -tiydaiology.
Understanding how thesesources are likely to respond to local climate changes is among
the most important questions facing water resourcesgeas and other natureesources
planners in Iceland. Icelandic snow resources are highly sensitive to changes in the local
climate as has been demonstrgtd.Bjornsson & Palsson, 2008; Eythorsson et al., 2018)

In many of the cold regions of the Northern Hemisphere (NH) snow resources have
undergone significant changes in recent decadies to climate trends which are expected

to continue throughout the 2tentury at leasg.g.,as shown in Eythorsson et al., (2019).
Furthermore, Eythorsson et al., (3B showed that NH snow resources are generally
expected to undergo significant further changes under all plausible emissions scenarios.
Although these trends do have grave glabmdlications in a myriad of ways, the practical
adaptation to themmust occuona local scale. Thuspnsideringhe aim of this dissertation,

the trends in the climate and snoegimeswere analyzed in terms of a local context with a
case study for Icahd The results of which are presentedhis subsection and published

in Eythorssoret al., 023).

3.6.1 Historical Snow Cover Trends

In situ observations

The Icelandic Meteorological Office (IMO) collectsnost in-situ meteorological
observations in Iceland. Part of IMO routine measurements are daily nodrsesiations

of snow cover at 9am. The locations of these observation sites are sheigure8-17. The

figure notably show$iow sparse these observational sites are, especially in the central
highlands where most of the countries snow resources are located. Data were acquired from
the IMO from a total 0f266 mannedsites over the period9302021. Data includes
observations of locanow depth$ND) Snow Cover$NQ, precipitation R), precipitation

class RTEQG, and a visual estimate of surroundinguntain snow coveSNCM) (Icelandic
Meterologocial Office, 2021)Snow depth, in cm, isneasured for all days with snow
covered ground at the monitoring site. SNC and SNCM are visually classifi@d=aso
snow, 2 = patchy snow cover, 4 = fully covered groftatlandic Meterologocial Office,
2008) Gunnasson et al(2019, compared the IMO snow cover data to the MODIS snow
cover products and observed a good agreebenteen the two datasets.
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Figure 3-17 Topographical map of Iceland and the location®f the Icelandic Meteorological Office
(IMO) observation stations where snow data recordedfrom Eythorssonet al.,20233)

The annual SCF was calculated for all stations by summing the number otenered

days and dividing by the number of observations for each year. The significance of the
trendline in SCF over time wasssessed for all stations which had more than 10 years of
observations within the data period (268@16) using the nosparametric MarvKendall
hypothesis testThe null hypothesidHo was that there is no trend the data and the
alternative hypotheseseathat there is a statistically significantrease(H1) or decreas

(H2) in the SCF

Figure3-18 (left panel) shows the average temperature and precipitationamdcever the
period 19562021 as estimated from the ensemble average of the GDDP daidskée
average of an ensemble of letegm IMO station observationéicelandic Meterological
Office, 2023) The figure shows similar trends and aggsin temperature and precipitation
from both data sourcefigure 3-18 (center panelshows the annual average SCF for all
IMO monitoring stations for theperiod 198-2021 calculated for local (circles) and
mountain (triangles) snow cover based both on just observations of fully-cawared
ground (SNC or SNCM = 4) and including patchy snow cover (SNC or SR@Mthe in

situ data is shown with a @arrolling average and a linear trendline. The figure shows the
average annual SCF estimated from the MODIS TERRA/AQUA snow cover products (black
markers) for observations above (stars) and below (crosses) 500 rRigusd3-18 (right

pane) shows the average annual snow depth (SND) of all IMO monitoring stations for the
period 19362021 along with a linear trendlineéNote that most IMO stationare inthe
lowlands, wheh on average see less snow cover than the interior highlands, where the most
snow is.
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Figure 3-18 Left panel: Average annual temperature and precipitation in Iceland over the period 1950

202las estimatedy t he ensembl e average of -GDBRdat2sétandtheMés i n t h
IMO . Center panel: Annual average SCF for all IMO monitoring stations for the period 19%-2021,

calculated for local (circles) and mountain (triangles) snow cover for observatis of fully snow covered

ground, SNC or SNCM = 4 (blue) and including patchy s
annual SCF estimated from the MODIS TERRA/AQUA snow cover products (black markers) is shown

for observations above (stars) and belocrosses) 500 m a.s.l. Right panel: average annual snow depth

of all IMO monitoring stations. (from Eythorssonet al.,2023))

MODIS snow cover

Annual Snow Cover Frequency (SCF) was calculated withr00500m resolution for
Iceland based on the MOD10A1.005 MODIS/TERRA snow cover daily prd@arbthy

K Hall, Riggs, & Salomonson, 200&jsing the methodslescribed inEythorssonet al.,
(2019) The MOD10A1.005 dataset was remapped to provide a binary classification for valid
observations.Observations with zenith angles > 25° were excluded toedse the
panoramic bow tie effeethich is a panoramic distortion known to caggstematic errors

in snow mappingSouri & Azizi, 2013) Invalid observations due to cloud cover or polar
night, for example, were masked by givingrtha null value. Tie number oflaysa pixel is
covered with snowvas counted andivided by the number of valid observations of that
pixel, per yearOn average 60 valid observations/year per pixel were observednhhbal
SCFwas calculatedor the periodwhereMODIS observations are availab{e/ater years
2001-2016). The trendbf annual SCF values in each pixel over the period was estimated by
linear regressionanBen 6 s e st i mathodsThe cthtistisal sggmfieance of the
observed trend wasassessed using both the rmmr amet ri ¢ Senbés estim
methods.

Figure 3-19 shows the trend in annual SCF over Iceland as estimated from MODIS
observationsléft) and areas where the trendline is statistically signifidantQ.05) for both
MODIS and in situ observations (SNC = 4) (right). Blue regiang markers show areas
where the SCF had increasgdnificantly, and the red areagth decreasingCF.

58



Trend

[Days/decade]
e 12

- -5

[ Glacier outlines

0 250 500 1,000 Km = K SND increase
L L 1

Figure 3-19 Left panel: trend in annual SCF over Iceland as estimated from MODISRight panel:
areas where the trendline is statistically significant{{= 0.05) for both MODIS and in situ observations
(SNC = 4. 2019 outlines of glaciers and the ice divides of their major outlet glaciers are shown with
black lines (RGI Consortium, 2019) (from Eythorssonet al.,2023a)

Figure 3-19 show that many areas in Iceland have experienced a significant change in the
local SCF, both as estimated from MODIS data from manned snow cover observations
over the period2001-2021 Most of these areas have expeded an increase in SCF,
especially the eastern highlands and the mountainous regions of Northern and Northwestern
Iceland A few small areas showed a statistically significant decrease in the local SCF over
the period, these areas are located eithemifalod areas or at the termini of the major outlet
glaciers in Iceland, whose recession in recent years has been well documented
(Adalgeirsdottir et al., 2020; Hauser & Schmitt22)

Table 3-9 shows the statistical significance of the lineapwtrends, estimated using the
MannKendall trend test, for both the period listorical records (19302021) and the
MODIS period (20042021), of p values. Statistically significant trendlines at e 0.05
level are shown in bold

Table 3-9 Statistical significance of the linearsnow trends estimated using the ManrKendall (MK)
trend test, for both the period of historical records(19302021) and the MODIS period (20012021, of

pvaluesSt ati stically signif i ewlshownirbelhd!| i nes at
Trend [% per year] p-value
19302021 2001-2021 19302021 2001-2021
SCFM (SNCM > 2) 0.15 0.43 1.2*108 0.02
SCFM (SNCM = 4) 0.038 0.21 0.2 0.07
SCF (SNC > 2) 0.15 0.37 1.8*108 0.01
SCF (SNC =4) 0.076 0.19 0.7 * 108 0.06
SND 0.081 0.30 1.54 %105 0.002
MODIS below 500 m a.s.l. - 0.29 - 0.04
MODIS above 500 m a.s.l. - 0.24 - 0.11
MODIS all elevations - 0.26 - 0.04

The results imable3-9 shows that the increasing SGihd SNDtrend shown irFigure3-18
is statistically significant over thperiod 19362021 for all SCF estimates except for
observations of SNCM = 4, fully sneeovered mountains. Over the MODIS period 2001
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2021the trendis significantfor all metrics except for observations of fully snoavered
mountains and for MODIS obsetions above 500 m a.s.l.

SCF in areas of recent  land surface change s.

The annualSCF values were extracted for three locations in Iceland where land surface
changes héphysically impacted the loc&CF during the MODIS period. The locations
selected werga) Holuhraun volcanavhich erupted in the winter of 20,1&b) the Halslon

areg where a major storage reservoir was commissioned in 2007 and-eovered lake
replaced a deep canyoand (c) Eystri Hagafellsjokullwhere the glacretermnus has
receded in recent yearBhe locatios of these areas are showrFigure3-20.
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Figure 3-20 Time series ofannual SCF in locations where known land surface changes have takplace
over the period of MODIS observations (2002016)

The results shown iRigure3-20 show a clear change in the time series of SCF around the
time wherethe land surface changes describe above took place. To test whether the change
observed in the SCF times series was sieai$y significant a ManfWhitney-Wilcoxon

(MWW) hypothesis test on two sample means, before and after the land surface changes.
The null hypothesis was that the means of the two series are the same=Hl. and the
alternative hypothesis was that theans are not the same; H11 p2.

Table 3-10 shows the results of the hypothesis tests. The results show that for all three
locations the null hypothesis was regatt Hence, the SCF record captures physical land
surface changes that occurred during the pesindithe timing of these changes can be
identified by the MWW test. We also note that, like the Halslon reservoir, all other
hydropower reservoirs constructeldring the MODIS era, Sporddlduldn, Ufsarlon and
Kelduarldén, could be clearly identified from the SCF maps.

Table 3-10 Results of MannWhitney-Wilcoxon (MWW) on two sample means, before and after known
land surface changes in three locations in Iceland

Location: Time of change MWW SCF trend

p-value
Holuhraun 2014 0.017 Significant decrease
Halslon 2007 0.00025 Significant increase
Eystri Hagafellsjokull 2008 0.00031 Significant decrease
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3.6.2 Estimating and Projecting Climate Classifications

KoppenGeiger climate classifications were calculated for Iceland in-dé€gPee horizontal
resolutionusing the methods describedSaction 3.3 and published ireythorsson et al.,
2019 Climate classifications were assignedth pixel based on the classificatioitecra
outlined by Kottek et al. (2006) and Peel et al. (200&3 summarized ifiable 3-3. The
classificationscheme contairfsve main classesach with two levels of subclasses, in total
30 climate classe#s example, an aathat has the main claBsi Cold, second subclass

i dry winterand the third subclassi hotsummemould have the codBwa.

The Icelandic climatevas classifiedor each year irthe period 196-2100. We used the
ensemble average of tNASA NEX dataet for both historical angredictedfuture climate
conditions. The dataset contaias ensemble 02 1 G| o b a | Circul ati on
used in the CMIP5 model intercomparison project of the International Panel on Climate
Change (IPCCJTaylor et al., 2012)The climate classifications were calculated for the
Representative Concentrati®athway (RCP) RCP 4.5as a more conservative prediction

of future climate change. RCP 4.5 is a stabilization scenario where total radiative forcing is
stabilized before 2100 by employment of a range of technologies and strategies for reducing
greenhous gas emissions, whereas RCP 8.5 is characterized by increasing greenhouse gas
emissions over time and is representative for scenarios in the literature leading to high
greenhouse gas concentration lev@lan Vuuren et al., 2011)l'he proportionof each

climate classvas calculated foeach yeaim four elevation band8oastling(0-100 m a.s.l.)
Lowland(100-500 m a.s.l,)Highland(500-1000 m. a.s.l.and Glaciers/Mountaing€l000 +

m a.s.l.) A high resolution (20x20m) digital elevation model (DEM) from the National Land
Survey of Iceland was used to calculate the elevation bands.

Figure 3-21 showsexamples of th&KG classificationmapsprojectedfor Iceland in 0.2
degree horizontal resolution for the years 1951 and.2Z089four most common KG classes
in Iceland inboth periodsvere:ET1 Polar TundraDPfci Cold climate with cold summers
and no dry seasolfb i Cold climate with warm summer and no dry season, sl
Cold climate with cold summers and dry summers.
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Figure 3-21 Examples of anual KG classification maps calculated for Iceland in the study for the years 1951
(upper) and 2099 (lower)

The results show that between 1950 and 2099 the polar tundra cfETatthat initially

covered asignificant portion of the highlands will mostly disappear, exceptthe
Vatnajokull GlacierTheET is replaced by a cold climate with the cold summer cld3ges
andDsc A warm summer climatebfb), that in thefirst period was mostly limited to small

areas in theouthern lowlands on each side of the Myrdalsjokull Glacier, will by the end of
the period have spread almost around the entire country and stretched far into the highlands.
At the middle of the current century temperate climate clag¥es CfcandCsb will start
appearing consistently in coastal areas. This would be the first time that such climate
classifications wold be experienced in Iceland since records began.

Figure3-22 shows the proportional coverage of the top climate classes for the peried 1951
2099. The uppermost graph shows the results for the whole of Icelatitedodier graphs
show the main climate classes within each elevation zone. The redtiljsiia 3-22 show

that by the end of the current century the polar tundra climate (EBs& Iceland will
decrease from about 20% coverage in 1950 to about 5&elmgiddle of the current century
and the ET class will disappear altogether in the coastal and lowland r&gi@nghe same
period, warm summers (claBgb) will increase by about the same amount. The net coverage
of the most common climate clagc, will not change much over the period. However, as
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seen irFigure3-21 andFigure3-22, clasDfcis replaced by clad3fb in coastal areas while
it replaces claskT in the highlands; thus we expect the spatial distribution of Eé&sto
change significantly during the pedio
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Figure 3-22 Time series of the annual poportional coverage of the three main KG Classes in each
elevation zone in Iceland for the period 1952099 (from Eythorssonet al.,20233).

3.6.3 Projecting Changes to Snow Resources in Iceland

Daily snow conditions in Iceland were simulated in-@egyree horizontal resolution for the
period 19562100 for each of the21l downscaled and bias corrected Global Circulation
Model s GCMO6s i rGDDFhdataséfi@sher &t BIX2006i)sing the Snowl17
model for both the RCP45 and RCP85 emission scenarios. Tthedsaused for the snow
modelling are described in detail in sect®h 1 and published iRythorssoret al., 023).
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Figure 3-23 shows on the left the simulated average winter SWE across Icelabdtfor
RCP45 (green) and RCP85 (JeHrror! Reference source not found.shows on the right

the simulated average annual SCF acilasRCP45 (greenand RCP85 (red). Observations
from monitoring stations of mountain (crosses) armlldstars) snow cover and MODIS
observations (triangles) are shown in blatke shaded area represents the upper and lower
guantiles of the ensemble simulations, and the solid line represenry®arlfioving average

of theensemble.
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Figure 3-23 Left panel: simulated average winter SWE across Icelandor both RCP45 (green) and
RCP85 (red).Right panel: simulated average annual SCF across Iceland as projected by RCP45 (green)
and RCP85 (red). Obgrvations from monitoring stations of mountain (crosses) and local (stars) snow
cover and MODIS observations (triangles) are shown in blackThe shaded area represents the upper
and lower guantiles of the ensemble simulations, and the solid line shows ayear moving average of
the ensemble. (fromEythorssonet al., 023q)

Theresults inFigure3-23 shows that both SWE and SCieexpected to decrease in Iceland

over the course of the 2tentury The decrease is more severe givenRI¥85 emission
scenario as compared to RCP45. The simulated estimates of average annual SCF (right) are
in line with MODIS observations over the period 2aP1 In situ observations of local

and mountain snow cover (SNESNCM > 2) fall below and abowbe simulated averages,
respectively, as expected. The simulated SWE estimates show a decrease in SWE over the
period 19562100 a trend which grows faster aftee 2020s, whereas the observed snow
depth measurements (shownFigure 318) show a significat increase (p = 1.54 * 1)

over the period 193Q021. The results presented in FiguB4$8 and 323 reveal an
increasing trend in SCF and SND over a period wheth metrics are projected to trend
downward. The results also illustrate the substangadral climate variability in Icelandic

snow conditions.

The results irFigure3-18 show a positive trend for temperature and precipitation in Iceland
over the perid 19502021. Increasing temperatures result in enhanced snow melt, which is
apparent in a flat or decreasing SCF in coastal regasmshown inFigure 3-19Error!
Reference source not found, whereas at higher elevation the increased precipitation
enhances winter snow accumulation leading to higher SCF despite the enhanced melt rates
during summer. With further cliate changéess,precipitation will fall as snow at higher
elevations and both SND and SCF are expected to have decrease across the country by the
end of the 2% century, as illustrated iRigure3-23.
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The results in Figur8-23 show that there is a large variability in the average SCF from the
observational IMO stations, shown as blue dots on the figure. The observational data shows
that the SCF increases with elevation, however there is a large variability between stations
especially at the lowlands. The figure also shows how few of the observational sites are

| ocated at high elevation, wherde most of 1c

The results shown iRigure 3-23 show that snow resources are projected to diminish in
Iceland at all elevation zones. These projected changes to Icelandic snow resmimes

line with previous projections of the future evolution of Icelandic snovecover the 21
century(Johannesson et al., 2007The obseregd increase in snow cover, both by remote
sensing and in situ measurements, over the period-20Dalso agree with the results of
Gunnarsson et al. (2019) which also used satellite remote sensing data to show that there had
been an increase in snow couelceland for all months except October and November over
the same period.he results oEythorssoret al., 023) study suggest that the increase in
snow cover in Iceland, observed both from remotely sensed and in situ data, is associated
with increased precipitatiocausinga more frequent and thicker snowpack which strs
longer, despite enhanced melt rates

These resultdeserve further investigatioh.should be noted thahé MODIS period, 2000

2021, used toestimatethe historical SCF changes in this study is short and trends observed
during this period could baduced by low frequency cyclical climate patterns, or by a small
amount of extreme weather everri®wever, the causes and the impacts of these changes to
Icelandic snow reources needs to be better understood. Differences in future snowpack
changes by elevation should be studied to understand the impact on the Icelandic
hydrological cycle, which will further affect the local ecology, hazard assessments, water
resources maig@ment, and hydropower production in the country.
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4, Concl usion and future pe

The objective of this dissertation was to investigate from observations the impact of climate
changeon snow conditionghat has already occurred abdsed on the best available
assumptions on future climate changegestimate by modelling hognow condiions are

likely to continue to respond to changing climate forcings inedbffit regionsin this
dissertation and the scientifical journal articles that have been prooecaase ahis work,

this objective has been achieved in the following steps:

Firstly, a novel approach for prediogyseasonal snow mass balance in glaciated catchments
was publishedin (Eythorsson et al., 201&ndis discussed in detail in sectidlof this
dissertationSecondly, the spatittmporal changes in the climaaad snowegimes were
estimated globally and compared and analyzed within the context of the Arctic, ithgion
results of which have been publishedEythorsson et al., (2019nd are discussed in detail

in sections3.2 - 3.4 of this dissertationFuture snow conditions were modelled across the
Northern Hemisphere (NH) based on the expected changes to the climate regime, given
different plausible emission scenarios, the results of whielpegsented in Eythorsson et
al., (2038b) and are discussed in detail in sectdnof this dissertatiorLastly, the observed
past and projected future changethim climate and snow regimes are analyinedregional
context for Iceland, the results of which are presentdfythorssoret al., 023) and are
discussed in detail in secti@6 of this dissertation.

41 Concl usi on

The main results of this dissertation are the large changes to snow resources, both observed
and projected, in the NH.hese results show that in generahgmmover has been decreasing
significantly, especially at lower latitudes, while some high latitude areas have experienced
an increase in the frequency of snow cover. These trends were in general projected to
continue throughout the 2tentury withseveramplications to societies and ecosystems in

cold regions. These ongoing changes will affect the habitability of flora and fauna in cold
regions, straining local ecosystems and inducing species migrations and extinctions. The
projected changes to snow rasges will impact the lifestyles and culture of societies and
indigenous peoples across the NH providing complex problems and opportunities for water
resources management and potential energy production in these regions as the local
hydrological cycle ismpacted by changing climate forcings.

Reliable forecasting of snow resources behavior is a key aspect of water resource
management in cold regions. The Karahnjukar HPP in Seasitern Iceland (by far the
largest powerplant in Iceland) receivesst ofits inflow from the glacial meltwater of the
Bruarjokull glacier.Several studies hawonsidered thsimulaion of snow meltbehavior

on Bruarjokull using both empirical and physical approachieese modelling efforts have

all focused on the diurnal modeifj of snow melt based on environmental input parameters
that can only be forecast reliably a few days in advance. Eythorsson et al., (2018) showed
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that the summer mass balance behavior of Bh@arjokull glacier can be predicted
satisfactorilyin the begining of the melt season, using only the data on initial conditions of
the hydreclimatological system that are available at that fiosng a novel data driven
modelling approacirhese results are important for thater resource managers in glacially
dominated catchmentike those managing th€arahnjukar HPPas they demonstrate that
the key source afunoff, glacial summer meltn these areasan besatisfactorilypredicted

at the beginning of the melt seas@f8 months in advance.

While glacial mass balance is a key hydrological parameter in few cold waterslatds
resources management in cold areas also require an understanding of seasonal snow cover
dynamics and especially at the present time how thigg@mics can be expectedréspond

to a changing climatdeythorsson et al., (2012sed MODIS snow cover data to estimate

the changes that have occurred to the Snow Cover Frequency (SCF) in 500m horizontal
resolutionglobally, during the period 2062016 and to identify those areas where the
changes in SCF over thp¢riodhave been statistically significarithe study revealed that

large aresa around the southern fringe of the Northern Hemisphere (NH) seasonal snow
coverage have seen a significant deseda SCF since the turn of the century. An opposite
pattern was observed at the northern fringe of the NH seasonal snow coverage, where the
SCF has increased in many coastal regions around the Arctic Ocean.

These historicalSCF trends in the Arctic werempared to the regional climatkange,
which was estimated as changes to the proportional coverage of kQumigaer (KG)
Climate classesThe results showed trend of climate classes associated with warmer
weather migrating northward, which has persistedate and was projected to continue at
least until the end of the present century. This warming was observed in 7 of the 10 Arctic
study areas considered in Eythorsson et al., (2019) and in Iceland as presEptedrason

et al., 0233). The warming tren@bservedn these regionsoincides withchanging snow
dynamics ashe largest change to the local SCF in the avetisseenin these same regions

It wasonly in the northernmost regions of the Arctic were little to no changes to either the
SCF or the climate classificatiomgas observed Averaged across the Arctic the SCF was
observed to have decreased by 9.1 days per devadée study period, which gesponds

to previous studies on snow cover in the general(&tea et al., 2017; Liston & Hiemstra,
2011; Yunlong et al., 2018)

As warmer climate classes are expected to migrate ever northward until the end of the present
century at least, as shown e.g. inliysson et al., (2019) ar{8eck et al., 2018)snow
conditions can be expect to change drastically in regions where winter snow cover has
historically been an important factor in the local hydiimatology al ecology Eythorsson

et al. (203b) modelled the evolution ™H snow resourcesver the period 195@100using

the Snow1l7 model forced with the ensemble of the downscaled and bias corrected CMIP5
projections as contained in the NASYEX GDDP datasefor both the RCP45 and RCP85
emission scenario3he simulated snow conditioar the historical periodhowed a high
correlation toremotely sensed Sne@overed Area (SCA) from the MODIS/Terra snow
cover dataset and to the Snow Water Equivalent (SWE) flieid the GLDAS2 dataset.

The results from Eythorsson et al., (36Rshowed that NH snow resources are expected to
undergo considerable changes until the end of the present century. The average SCF in the
NH was projected to decrease by 12.5% and 23.1f%ele® the periods 195075 and
20752100, under the RCP45 and RCP85 scenarios, respectiVilie the frequency of

snow cover is expected to decrease significantly, the average winter SWE was projected to
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increase by 3.9% and 2.2% between the same pariwder the RCP45 and RCP85 emission
scenarios, respectively.

The decrease in NH SCfhown in the results dEythorsson et al., (ZBb) is primarily
ascribed to a decreasing number of stumwered days at the southern fringe of the NH
seasonal snow layewhere some basins may see the loss of alabsteir winter SWE

snow storage under the RCP85 scendrie SCF was also projected to decreadegiter
latitudes albeit significantly lessHowever,the 1%t of April SWE at higher latitudes was
projectedto increaseeven thoughthe number of days with snow covered ground was
expected to decrease. In all the largest rivers draining into the Arctic Ocean the contribution
of snow melt was found to increase significamthyd, in some cases, almost double between
the periods 1950975 and 2072100.

The pattern of decreasing SCF in mid latitudes was also observed in Eythorsson et al., (2019)
based on the MODIS/Terra snow cover prodddius, the trends that have alreadgrbe
observed in these areas can be expected to continue, at an accelerated pace throughout the
21% century given the RCP85 trajectory or at a slowly declining pace and stabilizing by the
end of the century given the RCP45 trajectory. Increased snowfhiglatlatitudes is
expected due to sea ice decline and increased regional evaporation from the Arctic Ocean
(Kopec et al., 2016; Singarayer et al., 200B)is was observed as an increase in SCF in
Eythorsson et al., (2019) over the historical MODIS period (Z@IB) and as an increase

in the 1% of April SWE in Eythorsson et al., (288). The increase in SCF observechigh
latitudes inEythorsson et al., (2019) is expected to revassthese areas continue to warm

and by the end of the century tBEF will have decreased significantly @&s the entire NH.

Collectively, the results of the work presented in this dissertation show that significant
changes have occurréalsnow resources in many regions acros$\tHeas estimated based

on remotely sensed data from the MODIS/Terra instrumahipaesented in Eythorsson et

al., (2019) Snow Cover FrequencysCH was shown to have decreased in many-mid
latitude areas whereas around the arctic ocean large areas had seen an increase in the local
SCF. These changes to have occurred concomitantly ldal climate warming, as
estimated from trends in the coverage of KG climate classes, with only the northernmost
parts of theArctic remainingwith relatively uwnchanged climate and snow regimes, as
presented in Eythorsson et al., (2019). These trends neplicated and shown to continue

at least until the end of the 2tentury by modelling NH snow conditions based on the
ensemble of downscaled and bias corrected GCM models from the CMIP5 project. The
model resultgevealed a trend afecreasing snow cover frequency across the hemisphere
while snow storage volume was projected to increase around the Arctic, as presented in
Eythorsson et al., (2@B). The results of both Eythorsson et al., (2019;3%)2how that the

NH snow and climateegimes have undergone significant changes and that these changes
can be expected to continue for the foreseeable future, however, these trends were shown to
vary significantly depending on region analysis of climate and snow changes in
Icelandic snowresources showed that the Icelandic climate is expected to change
significantly throughout the present century, over the same period snow resources are
expected to diminish across the counaspresented ifcythorssoret al., 2023). Analysis

of SCF trends estimated from MODIS/Terra snow cover data revealed observable glacia
ablation around the termini of most Icelandic outlet glaciers, whereas over the same time
SCF had increased significantly in large areas in the highland. This SCF increase over the
MODIS period is likely due to decadal scale oscillations in atmosphadioeean currents
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in the North Atlantic, which have been shown to significantly affect the seasonal mass
balance behavior of Icelandic glaciers, as presented in Eythorsson et al., (2018).

42 FutuPerspectives

The results of this dissertation show that smesources in the Northern Hemisphere have

and are expected to continue undergoing significant changes. These results are in line with
the just published "6 Assessment Report (AR6) by the International Panel on Climate
Change (IPCC) where it states thagrihis very high confidence that the NH spring snow
cover has been decreasing since 1978 and that further decrease of the NH seasonal snow
extent is virtually certain under all plausible emission scen@fiosKemper et al., 2021)

These projections have signifitanonsequences for societies and ecosystems in cold
regions, which require further attention and research to optimize local mitigation and
adaptation measures in feeregions.

The Snowl7model results which was used in Eythorsson et al3268d Eythason et al.,

2023b were calculated in a Odegree horizontal resolution based on the ensemble average
of the 21 bias corrected and downscaBMs from the CMIP5 experimefitaylor et al.,

2012) In Iceland, where topography can greatly influence looateorological
characteristic¢e.g.R6gnvaldsson et al., 2008now cover estimates would benefit from a
finer spatial resolutiorilhe resultsn Figure3-23 confirm that many topographical effects

are smoothed out in the simulated snow cover estimates, as compared to the MODIS snow
cover products. To improve the understanding of future changes to snow resources in Iceland
these changes should tmedelled at a higher resolution e.g. using regional climate models
such as the EURCORDEX(Jacob et al., 2013)

The longterm trend in snow cover projected Eythorssonet al., 0233 and e.g. in
(Johannesson et al., 20@hpws a decrease in snow cover across the country, however the
short term trend observed both through in situ and satellite observations and shows a trend
of increasing SCF in large parts of the country, as showEybyorssoret al., 023) and
Gunnarsson et al., 201%hese results deserve further attention, it is impor@antvater
resources managers in Iceland to have the best available estimates of future snow resources
and to understand if and then why these trends differ in the short and the long term. It should
be investigated whether the shtetm increase in SCF isud to short term oscillations in

the Iceland climate, stemming from variatieam@ceanic or atmospheric circulation patterns.
Furthermore, the Icelandic snow resources were simulated based on the ensemble average
of all the 21 GCMs in the NASA NEX GDDP w@dase. The selection of models into the
ensemble impacts the accuracy of the results. It is worth analyzing which of the models show
the highest correlation to Icelandic meteorology and only simulate future snow conditions
based on those GCMs which shaatisfactory simulations of the Icelandic climate.

The results of Eythorsson et al. (2018), showed that the summer mass balance of the
Bruarjokull could be predicted satisfactorily based on information on the initial conditions
of the surrounding hydrolimatological system at the beginning of the glacial melt season.
The model framework developed in Eythorsson et al. (2018), can in essence be applied to
any type of predictive modelling where there is a statistical relationship between the
predictor and rgponse variable§iven the promising results from Eythorsson et al. (2018),

it is worth developing these methods further and apply them to snowmelt, discharge and
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reservoir inflow forecastingt various temporal scales, for the key glacially dominated
watersheds in Iceland. This coupdtentiallyimprove streamflow forecasting in Iceland at
various lead times, providing valuable informatfonwater resources managers across the
country.

The results of Eythorsson et al. (3B, show that snow coverage éxpected to decrease
across the NH between the periods 13905 and 2072100. However, thenean winter

SWE is expected to increase substantially in roughly the same areas which were shown to
have experienced an increase in SCF over the periodZI#In Eythorsson et al. (2019).
These results deserve further attentiénregional analysis of future scenarios in snow
resources should be conducted for the Arctic. Estimates produced by both GCMs as well as
regional Arctic climate models such as the RegidArctic System Modg|Cassano et al.,

2017; Hamman et al., 2018hould be compareas well as between different snow models.
Lastly, the effect of increasing SCF in the historically arid regions of the high Arctic on the

e a r tadhadian budget should be considered.
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ABSTRACT. Forecasting of glacier mass balance is important for optimal management of hydrological
resources, esp ly where glacial mel a significant portion of stream flow, as is the
case for many rivers in Iceland. In this study, a method was developed and applied to forecast the
summer mass balance of Braarjokull glacier in southeast Iceland. In the present study, many variables
measured in the basin were evaluated, including glaciological snow accumulation data, various
climate indices and logical including temy idity and radiation. The
most relevant single predictor variables were selected using correlation analysis. The selected variables
were used lo define a set of potential multivariate linear regression models that were optimized by select-
ing an ble of plausible models showing good fit to calibration data. A balance estimate was
calculated as a uniform average across ensemble predictions. The method was evaluated using fivefold
cross-validation and the statistical metrics Nash-Sutcliffe efficiency, the ratio of the root mean square
error to the std dev. and percent bias. The results showed that the model produces satisfactory predic-

dition data available at the begi

tions when forced with initial ¢ ing of the summer melt season,

between 15 June and 1 July, whereas less reliable predictions are produced for longer lead times.

KEYWORDS: glacier mass balance, glacier modelling, ice and climate, melt-surface

1. INTRODUCTION

Water storage in snow and ice is an important factor in the
hydrological cycle in many regions of high altitudes and lati-
tudes like Iceland, where 11% of the country is covered by
glaciers (Bjornsson and Palsson, 2008). Simulation and pre-
diction of melt behavior provide valuable information for
water resources management, e.g. regarding reservoir fill
rates, potential power production and load on hydraulic
structures. Short-term predictions of a few days improve
daily operations and risk analysis, whereas longer term pre-
diction of seasonal melt behavior assists in the systematic
optimization of networks of reservoirs and diversions.

Prior work in melt modeling of Icelandic glaciers has
focused on either empirical (degree day) and physical
(energy balance) modeling approaches. Both have shown
good performance for simulating glacial mass balance (c.g.
De Ruyter de Wildt and others, 2003b; Marshall and
others, 2005; Carenzo and others, 2009; Engelhardt and
others, 2014). Empirical approaches to mass-balance model-
ing have been considered sufficient when the underlying
physical processes need not be resolved (e.g. Réveillet and
others, 2017). More recently, the vast potential of remote-
sensing data has been increasingly applied to snowmelt esti-
mation in basins where little information is available (Kalra
and others, 2013; Qiu and others, 2014; Drolon and
others, 2016).

Observations have shown that across the globe glaciers
are losing mass and retreating. These studies have further
concluded that the rapid retreat in the early 21st century is
without precedent on a global scale (Barnett and others,
2005; Liu and others, 2015; Zemp and others, 2015; Roe

and others, 2017). In line with the trend of glaciers globally,
Icelandic glaciers have experienced retreat in recent years
and their mass loss since the end of the 19th century has
been shown to be responsible for 0.03 mm sea level rise glo-
bally (Bjornsson and others, 2013). Studies of the response of
Icelandic glaciers to the expected climate change have
shown that the country’s main ice caps will mostly disappear
over the next two centuries, leaving glaciers only at the
highest elevations (Adalgeirsddttir and others, 2006, 2011).

Studies have predicted that increased glacial ablation will
result in increased river runoff in Icelandic rivers throughout
the 21st century (Jonsdéttir, 2010; Gudmundsson and others,
2011; Matthews and others, 2015). While little prior work
exists on summer mass-balance modeling of Icelandic gla-
ciers, several studies have considered the subject in other
regions. These attempts have cither employed statistical
modeling techniques or used physical models forced with
climate simulations (Fujita and Ageta, 2000; Schéner and
Bohm, 2007).

The present study considers the prediction of the summer
mass balance of Brdarjokull in SE Iceland. The Bradarjokull
catchment, which is more than 90% glacierized, was har-
nessed for hydropower generation by the construction of
the Halslon reservoir in 2006 (Gardarsson and Eliasson,
2006). Due to its hydroelectric potential, data have been
recorded on hydro-meteorological variables in the catch-
ment, including measurements of glacier mass balance
since 1993 (De Ruyter de Wildt and others, 2003a, b;
Rasmussen, 2005).

Braarjokull covers an area of 1550 km?, making it the
largest outlet glacier of the Vatnajokull ice cap, representing
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Fig. 1. Location of mass-balance points and automatic weather stations (AWS) which collect the meteorological data that were used in the

study (Data on land cover from National Land Survey of Iceland).

~19% of the total area covered by the ice cap. The glacier
ranges in elevation from 600 to ~1550 m a.s.l. and the
mean equilibrium line lies at an altitude ~ 1200 m a.s.l.
(Bjornsson and Palsson, 2008). The glacier slopes gently
toward the central Icelandic highland plateau and is classi-
fied as a surging outlet glacier with a surge frequency of
80-100 years, the last one occurring in 1964 (Kjer and
others, 2008). Unlike other outlets of the ice cap,
Braarjokull is not underlain by geothermal areas. Due to
the proximity to surrounding volcanoes, its surface is period-
ically covered in volcanic tephra, thus decreasing its albedo
(Larsen, 1998; Moller and others, 2014). In the three main
volcanoes near the basin, Bardarbunga, Grimsvétn and
Kverkfjoll, tephra events occur on average ~15 eruptions
per century (Oladottir and others, 2011).

The forcing of physically based melt models with meteoro-
logical forecast model output on seasonal time scales inevit-
ably incurs the large uncertainty in the forcing data. In this
paper, statistical modeling was investigated to attempt the
prediction of summer mass balance directly from the initial
conditions of the system on the forecast date, thereby minim-
izing the uncertainties. The motivation for the study was to
investigate whether the mass balance of the Braarjokull
could be predicted at the beginning of the melt season and
to develop a simple operational model for reservoir opera-
tors. The goal of the study was to assess the predictive
power of the information available by employing statistical
approaches and the impact of lead times on predictions.

2. DATA

The data used in the present study consisted of glaciological
mass-balance measurements, meteorological variables

measured around the Brdarjokull basin, and climate indices
which have been shown to correlate with Icelandic
weather patterns (e.g. Baldwin and others, 2003; Hanna
and others, 2004).

2.1. Glaciological measurements

Winter accumulation and summer ablation of Vatnajokull
are measured in biannual measurement surveys at the
boundaries of the melt season in spring and autumn.
Winter accumulation is estimated by drilling ice cores and
the summer ablation is measured from ablation wires or
rods that are placed on the glacier in spring, when winter
accumulation is measured (Thorsteinsson and others,
2004). The annual net mass balance is calculated as the
sum of the winter accumulation and the summer ablation.
Figure 1 shows the approximate location of mass-balance
sites on the surface of Braarjokull as small circles.

The annual mass balance within each catchment on the
glacier has been estimated based on the ablation stake mea-
surements by extrapolating across the area (Palsson and
others, 2014). The summer mass balance within the
Halslon reservoir catchment was used as the response vari-
able in the present study, while the winter accumulation at
the various accumulation sites was used as an input variable.
It should be noted that the estimated mass balance did not
include liquid precipitation that fell on the glacier during
the summer nor snow that melted outside the survey
period. Furthermore, the uncertainty in the mass-balance
measurements is not reported. The glaciological summer
mass-balance data were selected as response variable
based on the overlap of the shorter time series of discharge
for the reservoir inflow which started in 2007.
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