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Abstract. Physically-based snow models provide valuable information on snow cover evolution and are therefore key to pro-
vide water availability projections. Yet, uncertainties related to snow modelling remain large as a result of differences in the
representation of snow physics and meteorological forcing. While many studies focus on evaluating these uncertainties, issues
still arise, especially in environments where sublimation is the main ablation process. This study evaluates a case study in the
semi-arid Andes of Chile and aims to compare two snow models with different complexities, SNOWPACK and SnowModel, at

a local point, over one snow season -

hesand to evaluate their sensitivity relative to parameterization

and forcing. For that purpose, the two models are forced with i) the most ideal set of input parameters, ii) an ensemble of
mr&w&&@mmmmm Results indicate targer uncertainty depending on-the
""" rthe large uncertainties depending on forcing, the snow roughness

length 2o, albedo parameterization and fresh snow density parameterization. The uncertainty caused by the forcing is direcl
related to the bias chosen. Even though the models show significant differences in their physical complexity)—We-alseconfirm

these-differenees;the-, the snow model choice is of least importance, as the sensitivity of both models to the forcing data was

in the same order of magnitude and highly influenced by the precipitation uncertainties. The sublimation ratio ranges are in
agreement for the two models: 42:7-63-536.4 to 80.7% for SnowModel and 5+3-and-64-636.3 to 86.0% for SNOWPACK,

and are related to the albedo ealibration—parameterization and snow roughness length choice for the two models. Finaly;-the
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1 Introduction

Snow models provide valuable information on snow cover evolution and are therefore key to quantify runoff and provide
accurate water availability projections. Several models, with different complexities in the representation of different snow
processes, from empirical to physieal-physically-based approaches, have been developed to simulate snow depth changes.
Empirical approaches, such as degree-day models (e.g. Braithwaite and Olesen, 1989; Hock, 2003) are based on a simple
statistical relationship to positive air temperatures to simulate snow melt. Comparatively, physically-based approaches consider
all energy flux exchanges at the snow surface by solving the surface energy balance equation (Oke, 2002). These-approachesThe
use of the energy balance equation, coupled with snow models, enable-enables a more complete understanding of snow physical
processes and are essential for understanding the interaction between snow cover evolution and climate change.
Physically-based snow models have different complexities in their physical representations, from a single layer approach
(e.g. Strasser and Marke, 2010), to more sophisticated multi-layer detailed models representing the evolution of snow mi-
crostructure and the layering of snow physical properties (e.g. Bartelt and Lehning, 2002; Vionnet et al., 2012), leading to a
wide variety of snow models with a wide variety of parameterizations. In a snow model intercomparison study, Etchevers et al.
(2004) highlighted the importance of parameterization choice, especially regarding the net longwave and albedo characterisa-

tion. After comparing 33 snow models, Rutter et al. (2009) concluded that no universal *best’ model exists and model perfor-

mance strongly-mainly depends on the study site. Furthermore, the Earth System Model - Snow Model Intercomparison Project
ESM-SnowMIP) compared several snow models to improve the models in the context of local- and global scale modellin
Krinner et al., 2018) and indicated scientific and human errors in snow model intercomparisons (Menard et al., 2021), but the

study sites did not include semi-arid regions.
In addition to the development of new models, many studies have focused on model improvements offering different parame-

terizations in a single model {e-g-Peuville-et-al;1995; Dutraetal52040)(e.g. Douville et al., 1995; Dutra et al., 2010; Essery, 2015).

In such frameworks, often many parameters need to be calibrated and are often difficult to be set according to local measure-
ments, such as the albedo and aerodynamic roughness length (Brock et al., 2000, 2006). To address this issue, and to consider
and quantify parameter uncertainty propagation in simulated snow depth changes, recent studies have started to use ensemble
approaches. Here models are evaluated based on different likely combinations of values of variables such as snow albedo, snow
compaction, fresh snow density and liquid water transport (e.g. Essery et al., 2013; Lafaysse et al., 2017; Giinther et al., 2019).

In addition, forcing data uncertainty has a significant influence on the simulated snow depth changes (e.g. Magnusson
et al., 2015; Raleigh et al., 2015; Giinther et al., 2019) and needs to be considered in model evaluations. While point scale
simulations forced by direct observations generally reduce forcing uncertainties, measurement errors can be considerable
due to the complexity of both measuring certain parameters as well as maintaining measurement sites (e.g. for precipitation
(MacDonald and Pomeroy, 2007; Smith, 2007; Wolff et al., 2015), sensor inclination (Weiser et al., 2016) or sensor failure).
Methods such as stochastic perturbation with random noise (e.g. Charrois et al., 2016) or following a uniform or normally

distributed bias with different magnitudes (e.g. Raleigh et al., 2015) can be used to build an ensemble of meteorological
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forcing and explicitly simulate the consequence of forcing uncertainty on the simulated snow depth (e.g. Charrois et al., 2016;
Zolles et al., 2019; Ginther et al., 2019).

Despite past efforts to improve snow models and quantify uncertainty propagation, the uncertainties regarding snow physics
representation and meteorological forcing remains (e.g. Essery et al., 2013; Raleigh et al., 2015; Ginther et al., 2019);

2013a; Réveillet et al., 2020), and ii) shallow snow depths due to very low precipitation amounts (Scaff et al., 2017; Réveillet
et al., 2020; Ayala et al., 2017). In previous studies the effect of wind on snow cover pattern distribution has been assessed by
Gascoin et al. (2013) and the relative importance of melt versus sublimation has been studied over one catchment by Réveillet
etal. (2020), both making use of the physically-based snow model SnowModel (Liston and Elder, 2006b). The study performed
by Mengual Henriquez (2017) assessed the snow types in different Chilean regions with SNOWPACK (Bartelt and Lehning,
2002; Lehning et al., 2002b, a). Nevertheless, an accurate assessment of different snow models' sensitivity to parameterizatior
choice or input forcing is currently missing, although it is expected to have a large impact.

In this work, the sensitivity of SnowModel and SNOWPACK, the common snow models previously used in this region, is

2 Study area and data

We assess the sensitivity of both models using data from an AWS over the snow season of 2017. First this study area and the
meteorological observations are described, followed by the data preprocessing procedure.



90

2.1 Study area

The study area is located in the La Laguna catchment, in the Chilean Coquimbo region, close to the Argentinian border

to the terminus of the Tapado Glacier at 3069 W, 4306 m a.s.l. (Fig. 1c). The site shows a complex topographic setting
with average (maximum) wind speeds of 4.2 nt > 15 m s 1) in 2017 and little precipitation(200 mm a !) that arrives

as snow during fewer than 10 events per year. Precipitation events mainly occur during the winter s8886) (Rabatel

et al., 2011; Réveillet et al., 2020). Therefore the area surrounding the AWS is only covered with snow in austral winter. At



Figure 1. a) Map of Chile with the Coquimbo Region (orange) and the study area location (red box). b) Tapado AWS at the 26th of April
2018 showing the Geonor precipitation gauge (left) which is 10 m from the central mast of the AWS (right). c) Map of the borders of the La
Laguna catchment (green), with the AWS locations (red points). Landsat 8 images of 29 August 2017 are used as background and maps an

photo are made by A. Voordendag.
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2.2 Meteorological observations

The meteorological forcing data consisted of hourly mean values of air temperature (TA), relative humidity (RH), incoming
shortwave radiationS;), incoming longwave radiatiorL¢), wind speed (WS), wind direction (WD) and air pressure (PA)

measured by the AWS (Fig. 2, TaBle-1in-the Supplementarpateria{SM) 1). Precipitation forcing consisted of hourly

with snow on the ground (i.e. between 10 May and 6 November 2017), the station recorded meteorological observations
continuously except for the TA and RH, for which gaps have been lled using three nearby AWSs (Fig. 1c, Sect. 2.3).

Hourly snow depth (SD), re ected shortwave radiatich X and six-hourly means of snow water equivalent (SWE) were
also recorded at the station and used for model calibration and evaluation. SWE was measured with a CS725 sensor by Camg
bell Scienti ¢ which passively detects the change in naturally emitted terrestrial gamma radiation from the ground after it
passes through snow cover. It provided two independent SWE observations measuring both potassium and thallium gamme
rays (Wright, 2011). The uncertainty given by the manufacturerliS mm from 0 to 300 mm and 15% from 300 to 600 mm,
but differences of up to 82 mm w.e. between gamma ray measuremengatmm w.e. were measured. The manufacturer
suggests that the output with the higher count is generally the most reliable, which were the potassium gamma rays measure
ments (Randall, 2018, personal communication). We display both data sets and estimate an accutacyffor this data

set.

2.3 Preprocessing of forcing data

wasavailableto validatethe models. Since continuous data are required for both snow models, preprocessing was necessary

to Il the gaps in the TA and RH data sets (23 June 11z0@ito 31 October 10:00 due to sensor failure) and to correct the
wind-induced undercatch in the precipitation data. Therefore, TA and RH data was interpolated based on lapse rates from

nearby AWSs (Agua Negra (4774 m a.s.l.), Llano de las Liebres (3565 m a.s.l.) and La Laguna (3209 m a.s.l.; Fig. 1c).

and a minimum of -8.0C km ! in summer. These daily lapse rates were subsequently applied to TA observations of Llano
de las Liebres AWS which is the only AWS that covers the entire period of missing data in 2017. For RH a similar approach
was applied using the lapse rate of the daily dew point temperature between the Paso Agua Negra and La Laguna AWSs an

applying it to data measured at the Llano de las Liebres AWS. Dew point temperature was converted to RH following Liston



Table 1. Availableobservationssensoheightfrom thegroundandthe manufacturerandtype of the correspondingensomt TapadoAWS.

Measurement Unit Height | Brand/type Uncertaintygivenby manufacturer
(m)

Accumulatedyrecipitation mm 15 Geonor/T-200BL000mm 0.1%Full Scale

Air_pressurgPa) hPa 3.5 Vaisala/PTB110 ..1.0hPa

Air_temperaturgTA) .C 3.5 Vaisala/HMP45C ..0.3CatQ C

Incomingl W radiation(L «) wm ? 3.5 Kipp andZonen/CNR4 10%(95%con dencelevel)

IncomingSW radiation(S) wWm 2 3.5 Kipp andZonen/CNR4 5% (95%con dencelevel)

OutgoingLW radiation(L -) wm 2 3.5 Kipp andZonen/CNR4 10%(95%con dencelevel)

Re ected SW radiation(S-) wm 2 3.5 Kipp andZonen/CNR4 5% (95%con dencelevel)

RelativeHumidity (RH) % 3.5 Vaisala/HMP45C ...2%RH (0 to 90%RH)
..3% RH (90%t0.100%RH)
and..0.05%RH/ C

Wind speedWS) ms ! 5.4 RM Young/5103 ...0.3m/s

Wind direction(WD) : 5.4 RM Young/5103 .3

Snowdepth(SD) m 3.5 Campbell/SR50A . lcm

Waterequivalenf(SWE,thallium, TI) mm 3.5 Campbell/CS725 .15 mmfrom 0.to.300mm .. 15%
from 30010 600 M

Waterequivalen{SWE,potassiumK) | mm 3.5 Campbell/CS725 .. 15mmfrom 0o 300mm... 15%
from 30019,600mm

and Elder (2006a). Evaluation of this lapse rate interpolation, based on 1638 overlapping observations at Tapado, shows ar
uncertainty (i.e. RMSE) of 2.& and 9.97% for TA and RH respectively.

130



Figure 2. Meteorological observations at Tapado with with daily precipitation (P), average daily relative humidity (RH), temperature (TA),

wind speed (WS), air pressure (PA), incoming shortwave radiagh gnd incoming longwave radiatiot. £) from April to December

2017. Dotted lines indicate the TA and RH interpolations.
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snewthanthe Geonorprecipitationgaugé€e.g. MacDonald and Pomeroy, 2007; Smith

3 Methods
3.1 Model descriptions
3.1.1 SNOWPACK

SNOWPACK was developed by the Swiss Federal Institute (SLF) for Snow and Avalanche Research (Bartelt and Lehning,
2002; Lehning et al., 2002a, b). It is a one-dimensional model, but can be implemented in the spatially distributed, three-
dimensional snow cover and earth surface médpine3D (Lehning et al., 2006). SNOWPACK includesvieteolOprepro-

cessing library for meteorological data (Bavay and Egger, 2014) which was not used, as we implemented a homogeneous
preprocessing approach for both models (see Sect. 2.3). SNOWPACK is a physically-based model which has the ability to
simulate snow physical properties (e.g. snowpack temperature, layer thickness, snow microstructure and density) and snow
processes (e.g. refreezing, sublimation, melt, evaporation) for multiple layers, which are merged if layers become too thin.
Sublimation and evaporation are calculated for the top element of the snowpack and melt is simulated using a water transport
bucket scheme. In this bucket scheme, all the liquid water exceeding a threshold water content is transported downward in
the snowpack or soil (Wever et al., 2014). An extensive description of the model can be found in Bartelt and Lehning (2002);
Lehning et al. (2002a, b).

3.1.2 SnowModel

SnowModel is a spatially distributed snowpack evolution modelling system composed of four subimmlelet, EnBal,
SnowPaclkand SnowTran3(Liston and Elder, 2006b). MicroMet is preprocessing library for meteorological data interpola-
tion, which was not used in this study as we focused on one location only while we implemented a homogeneous preprocessing
approach for both models (see Sect. 2.3). EnBal calculates standard surface energy balance exchanges (Liston and Hall, 1995
SnowModel's SnowPack subroutine is a single or multi-layer (max. six layers) snowpack evolution and runoff model that
describes snowpack changes in response to precipitation and melt uxes de ned by MicroMet and EnBal (Liston and Hall,
1995; Liston and Elder, 2006b). In ShowModel, the melted snow is redistributed through the new snow depth up to a maximum
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density threshold of 550 kg n¥. Any additional melt water is added to the runoff. In this study the model was run with the
maximum of snow layers (i.e. six layers) to be comparable with the multiple amount of layers in SNOWPACK. Finally, the
three-dimensional model to simulate snow erosion and deposition SnowTran3D (Liston and Sturm, 1998) is not activated in
this study; this choice is discussed in Sect. 5.2.

allowed to evaluate and compare the two models (Sect. 3.3).
3.2.1 Parameter values used in both models

Initially, both models were calibrated using similar parameters to facilitate intercomparison. These parameters were derived
from observations or previous studies (Table 2). For example, the soil albedo was set to 0.15, as this is the average observe
albedo at the moment when there is no snow. The observed daily albedo is de ned as the daily sum of the average hourly
re-ected-shortwave(S- }-divided by the daily sum of average houilyeemingshortwaveradiation(Sy }(Fig. 4e,f). In the

absence of roughness length measurements, the roughness length of the bare soil is set to 0.020 m, corresponding to the defal
roughness length of pebbles and rocks in SnowModel. As surface ground temperature measurements are not available, we st
itto -1 Cin both models. -1C is the default value in SnowModel and ensures that the rst snow does not immediately melt.

PreliminaryresultsshowedsimulatedSWE and SD to be morethantwo timeslower thanthe observedSWE. This is caused

10



Table 2. SNOWPACK and SnowModel parameter characteristics. The possible snow albedo parameterizations and fresh snow density models
are described in Sect4S1.

SNOWPACK SnowModel
Soil albedo 0.15 (calibrated) 0.15 (calibrated)
Max/min snow albedo None 0.6/0.9 (calibrated)
Atmospheric stability correction model  Richardson number Richardson number (default)
Roughness length (soil) 0.02 0.02m (default)
Roughness length (snow) 0.0@%eatibratee)m and0.01m  0.001 nfeatibratechand0.01 m
Surface ground temperature a -1 C (default)
Thermal conductivity Default Multilayer subroutine
Wind erosion/snow transport by wind Off Off
Maximum number of snow layers Unlimited 6 layers
Fresh snow density parameterizations 5 options 1 default options and 2 from SNOWPACK
Albedo parameterizations 6 options, 4 used 2 options
Simulated ablation processes Sublimation, runoff, evaporation Sublimation, runoff
Water transport in snowpack Bucket scheme (default) Default

200 of thealbedo.Theprecipitationdatasetis assimilategvith the ve possiblgreshsnowdensityparameterizations SNOWPACK.

Six ensemblesre madeout of two albedo

205

210 0.01m.0.001 mis basedbn anearliersensitivitystudy(Réveillet et al., 2020) andnpublisheceddycovariancaneasurements

11
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3.2.3 Sensitivity analysis of variable parameterizations

To assess the impact of the parameterizations on the snowpack simulation, an ensemble approach based on different con

binations of albedo and snow density parameterizatieasused(e.g-—Essery-etat; 2013 Lafaysse-etal;2ahdg, was
used(e.g. Essery et al., 2013; Lafaysse et al., 2017, and Sect. 3.2.2). The choice to limit the sensitivity testitesttiese

parameters is discussed in Sect. 5.2.
For SNOWPACK,26-40 runs were performed over the 2017 season based on four different atkgdee fresh snow

derived from continuous observations at Weiss uhjoch (Lehning et al., 2002a) or on grain size (Schmucki et al., 2014), while

the fresh snow parameterizations are empirical formulas depending on the TA, RH, WS and surface temperature. More details

For SnowModel, an ensemble &k 12 simulations was run, considering two albede, three snow density parameterizations
andtwo differentzo. The albedo parameterizations range between 0.6 and 0.9 depending i) on TA solely (more details in Liston

SnowModel's default fresh snow density parameterization depends on the wet bulb temperature, but we included two fresh
show density parameterizations from SNOWPACK depending on TA, RH, WS and surface temperature to test the model
more extensively. In these additional parameterizations, we preserved the SnowModel defaults for minimum (8paadm
maximum fresh snow density (158.5 kg #).

Each of the ensemble simulations was forced bytigerturbedneasurementi®rsr——observationgTA, RH, PA, WS, WD,

Sy, L#) asdescribed in Sect. 2.3 anlde P dataacquiredafterthe idealisedsetup(Sect.3.2.2). The simulationsare evaluated
by comparing the model output of SD, SWE and albedo with the corresponding observations. Based on this evaluation the
simulation with the lowesRMSE and highesR? between the observed and modelled albedo is chosen as the reference for

the forcing sensitivity analysis discussed in Sect. 3.2.1.

3.3 Fereing-uncertainty-estimation

12



Accumulated precipitation (P) BetweentO6and470Uniform [-100,+100] | mm a *Fig-S21

Air pressure (PA) —+6hP&ormal [-100,+100] Pa

Air temperature (TA) —2-8\ormal [-3.0,+3.0] C
Incoming longwave radiatiorL.(;) 16%(95%con-denceteveliNormal [:25,+25] wm ?
Incoming shortwave radiatiors¢) 5%{95%<con-deneeleveNormal [-100,+100] wm ?

Relative humidity (RH) —9:97%RHNormal [:0.25,+0.25] Y%
Wind speed (WS) —0-3m/sNormal [-3,+3] ms *

Wind direction (WD) —Normal [-3,+3]

250

255

Subsequently, based on the disturbed input data, 2000 snow model simulations are performed: 1000 with meteorological
perturbationdiases and 1000 with combined meteorological/precipita@turbationbiases. This setup was chosen to enable

the differentiation between meteorological and precipitation uncertainties, which would be dif cult in a combined approach
260 where precipitation uncertainty would dominate.

3.3 Model evaluation

Model evaluation consists of comparing the model output of SD, SWE and albedo with the corresponding observations. For the

idealiseccasethis consistsof evaluating:;:heRMSE::anq:R2 betweerthemodelledandtheobservedSDto acquireprecipitation

13
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R? between the modelled and the observed albedo, to select the best reference for each megetifi40 for SNOWPACK

ensures the best possible net shortwave radiation term in the energy balance equation. The forcing uncertainty is evaluatec
by comparing the differences of end of snow season. Last, the differences in ablation processes of the parameterizations ar

showralongwith-the energy uxes of eachreferencesimulation.

4 Results

4.1 Idealisedsimulations

Fig. 3 showsonly the resultsof the idealisedsimulationsfor the

runswith

9.2and11.5 cm{;md::R2 hetweerD.90and0.93calculatedwith the observedandsimulatedSD, Fig. 3a).

Thisis likely causedy anoverestimatiorof the PSWE

14



4.2 Sensitivity analysis of parameterizations

TheS\A#,SD and SWE evaluation of the parameterization sensitivity anaéy@wss,how that the simulated SD and SWE are
300
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show a mean SD difference #6032 cm (which corresponds @28.9% of the total SD) between the minimum and maximum
simulated SD (Fig. 4a), with a maximum 8#127 cm observed at2-May,the-rst-dayefsnewfal27 June. For the SWE,

this corresponds to a mean difference28tS-98.3mm w.e. (i.e6-928.2% of the total SWE) (Fig. 4c). The large modelled

SD spread in May and June can be explained by the different density parameterization choices as it is not apparent in the
SWE simulationgFig. 4g). The rapid decrease (3-8 cm’d of snow depth until July, caused by compaction of the snowpack,

is simulated by the majority of fresh snow density parameterizations, while only one fresh density parameterization models

a more moderate compaction (Fig..gr From July onward, the measured snow depth reduces 10 centimetres per 25 days,

parameterizations 5320 cm (i.e2018% of the total SD), with a maximum aB88152cm at 12 Maythe rst snowfall, while
for SWE the mean difference 48857 mm (i.e.5:219.2% of the total SWE) with a maximum &87mmat27and28Jdune3l7

y-Quantitative analysis
(Sect.S554) shows best performance scores for the time-evolution albedo approach in combination with the reference snow

reference simulation (bold line in Fig. 4).

16
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In reality, this happens at Tapado until June, followed by a different regime with denser fresh snow and less compaction. The
biggest difference between the models, however, is the result of the albedo parameterizations. Where SnowModel relies on

with measuremenis Switserlandand not adapted to theid Tapado climate. Nevertheless, the albedo of the reference run of

17



