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Snowpack melting in the High Atlas constitutes the major source of freshwater for the semi-arid agricultural
plains of central Morocco. Snow runoff fills dams during spring and recharges groundwater, thus providing the
necessary water for irrigation and hydropower production. Despite its critical importance for the region, basic
questions about the High Atlas snowpack remain largely unanswered. In particular, the spatial and temporal
distribution of snow water equivalent, as well as sublimation losses, potentially significant in this region, have
yet to be thoroughly investigated. The scarcity of ground data has been a major obstacle to investigating snow
processes in the High Atlas. Here, we demonstrate the potential of remotely-sensed meteorological variables and
downscaled climate reanalysis data to gain important insights into snow water balance in a semi-arid region. We
apply a distributed energy balance snow model based on SNOW17, constrained by topographic data, meteor
ological data from satellites and high-resolution dynamically-downscaled ERA-Interim data, to simulate snow
pack dynamics within the Oum-Er-Rbia watershed, at the heart of Morocco’s High Atlas. The simulations are
compared to MODIS snow cover maps and observed snow depth at one field station. Results show that the spatial
extent and temporal dynamics of snow cover at various elevation ranges are accurately captured. The snowpack
is essentially concentrated above 2500 m, extends over 500–6000 km2 and holds 0.05–0.4 km3 at its peak in
early February. Additionally, we find that losses by sublimation range from 0.06 to 0.14 km3 for an average of
0.09 km3 a year, about 10% of all snowfall. Above 3000 m elevation, sublimation removes on average 20% of the
snowpack. Finally, we discuss the sensitivity of our results to uncertainties in the forcing meteorological data.
This study reveals the essential components of the snow water balance in the High Atlas and paves the way for
better understanding of its sensitivity to climate change.
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1. Introduction
While average annual precipitation hardly reaches at best 500 mm
over Morocco’s agricultural plains, the Atlas Mountains, which rise up
to 4000 m high, usually receive up to twice that amount, most often in
the form of snow between November and March (Boudhar et al., 2009).
Consequently, mountain precipitation is a major source of freshwater
for the country, especially its agriculture, which accounts for 90% of all
water use. The melting of the winter snowpack during spring sub
stantially contributes to river discharge – up to 50% in some local
catchments (Boudhar et al., 2009), filling dams beyond the wet season
and allowing for continued water use and irrigation until the end of the
growing season in May. Infiltration of mountain runoff also accounts for
much of the aquifer recharge, on which agricultural activities in the
fertile plains at the foot of the Atlas critically depend (Chehbouni et al.,
2008). Yet, although the importance of the mountain snowpack for
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water resources is well-established, much remains unknown about its
characteristics and spatio-temporal dynamics.
Accurate estimates of Snow Water Equivalent (SWE) fields in the
High Atlas are necessary to improve our understanding of the regional
hydrology and thus water resources management. In addition, assessing
the sensitivity of the snowpack to meteorological and climate variables
is critical in order to project its response to climate change, which is
expected to bring warmer and much drier conditions over Morocco in
the near future (Tuel and Eltahir, 2020; Tuel et al., 2020). Still, the
scarcity of ground measurements, combined to the complex regional
topography and the large spatio-temporal variability in hydroclimate
(Fayad et al., 2017; Tuel and Eltahir, 2018), create significant chal
lenges to snowpack monitoring and estimation at the basin scale. Sa
tellite-based snow cover maps can provide a good first estimate of the
extent and temporal evolution of the snowpack, as was shown for the
Atlas Mountains (Marchane et al., 2015). Where enough station data is
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available, complex physically-based snow models that resolve the en
ergy balance at the surface, and may even include several snow layers
(Liston and Elder, 2006; Herrero and Polo, 2016; Boudhar et al., 2016),
are usually preferred. Recently, Baba et al. (2019) applied SnowModel,
a physical snowpack evolution model based on the snow energy bal
ance, to simulate snowpack dynamics in the Rheyara catchment of the
High Atlas, outside our study zone, down to a resolution of 8 m. Their
approach was made possible by the small size (220 km2) of the catch
ment and its relatively high density of weather stations. The large data
requirements of such models, however, make them less applicable over
large areas, where even basic data like temperature is often missing.
Therefore, essential questions remain unanswered for the High Atlas:
most importantly, how much water is stored in the snowpack? And how
does this amount vary in space and time?
At the catchment scale, conceptual, distributed snow models, typi
cally based on simple parametrizations of melt as a function of tem
perature, and forced with remotely-sensed data, spatially interpolated
station data or analytical mesoscale model output, can yield useful re
sults (Marks et al., 1999; Clark et al., 2011; Raleigh and Lundquist,
2012). When ground data is particularly scarce or unavailable, one
possibility is to resort to remotely-sensed snow cover maps and re
construct SWE backwards in time using the observed snow fraction time
series at each grid point as constraints (Molotch, 2009; Raleigh and
Lundquist, 2012). An advantage of this approach is that it only requires
temperature as input if no new snowfall accumulates after peak SWE;
on the downside, it can only reconstruct SWE during the melt phase, is
not useful to make SWE projections and is also very sensitive to biases
in snow cover data (Molotch and Margulis, 2008). Often, forward
configurations in which precipitation is partitioned between rain and
snow and accumulated snowfall stored as SWE are preferred (Raleigh
and Lundquist, 2012). In their simplest form, empirical snow models
only require temperature and precipitation and temperature, although
more complex formulations involving radiative fluxes are also available
(Hock, 1999; Follum et al., 2015). Several previous studies that relied
on station measurements have shown that they were able to sa
tisfactorily estimate snow accumulation and melting in various climate
zones, including the High Atlas (Follum et al., 2015; Boudhar et al.,
2016; Bouamri et al., 2018). Such models have also been successfully
applied to reconstruct SWE fields in various Mediterranean-climate
regions (Shamir and Georgakakos, 2007; Guan et al., 2013; Fassnacht
et al., 2017; Fayad et al., 2017). However, station data is often missing,
which has led to increased interest in the applicability of gridded cli
matological datasets, like climatological reanalyses (e.g., ERA-Interim
(Dee et al., 2011)), station-based interpolated datasets or satellite-based
products, to be used as input to snow models (Muñoz et al., 2014;
Shamir and Georgakakos, 2014). However, questions still remain as to
their accuracy to represent fine-scale conditions in complex topo
graphy, especially precipitation maxima near mountain peaks (Muñoz
et al., 2014). To circumvent that problem, reanalysis data can be
downscaled to finer resolution with regional climate models (Wrzesien
et al., 2017), an approach that has proved successful over several
mountainous regions (Alonso-González et al., 2018 and reference
therein). The forcing datasets can suffer from numerous biases, how
ever, especially precipitation, which in complex terrain typically ex
hibits strong spatio-temporal variability that is hard to capture. Re
gional models can be unreliable since precipitation relies on
parametrizations that require observations as input, and gridded sa
tellite-based precipitation products, like TRMM (Huffman et al., 2007),
CHIRPS (Funk et al., 2015) or GPM (Huffman et al., 2014), are often the
only estimates available. Such products usually tend to underestimate
snowfall and wet season precipitation in mountain regions (Derin et al.,
2016; Hashemi et al., 2017), which may bias the results, particularly
since parameter fitting of empirical snow models is typically highly
sensitive to input uncertainty (Franz et al., 2010; He et al., 2011). Few
studies seem to rely on satellite-based precipitation, preferring modelsimulated precipitation (Wrzesien et al., 2017; Alonso-González et al.,

2018) or global station-based products (Muñoz et al., 2014), when di
rect interpolation from local stations is not possible. In addition, one
downside of previous such studies is the absence of explicit sublimation
fluxes. Yet, because the High Atlas has a particularly arid climate, latent
heat fluxes are significant: locally, 25–45% of accumulated snow has
been found to be lost to sublimation (Schulz and de Jong, 2004; LópezMoreno et al., 2017). Sublimation is known to vary significantly in
space, especially in complex mountain regions (Strasser et al., 2008).
Any snow model applied at the basin scale in this area should therefore
include latent heat fluxes, which requires additional meteorological
information, notably atmospheric humidity.
The innovative aspect of this study is in how we estimate the spatial
and temporal distributions of snowpack water content and sublimation
in a large area of about 13,000 square kilometers in the High Atlas,
using a distributed physically-based snow model constrained by a
combination of topographical data, remotely-sensed data, and meteor
ological data dynamically-downscaled down to 12 km. To our knowl
edge, no other study has attempted to assimilate data from such various
sources to model snow in a data-scarce region. In addition, we model
sublimation explicitly to provide the first estimate of the spatial dis
tribution of latent heat fluxes in the High Atlas. Our focus is the OumEr-Rbia watershed, one of Morocco’s major agricultural regions and an
important producer of hydropower, which receives the most snowfall
among all the country’s main watersheds (Marchane et al., 2015) and
depends almost exclusively on mountain precipitation. Satellite-based
snow cover is used as a constraint in order to estimate snow model
parameters. While previous studies have suggested that the strong
spatial variability of Atlas snow cover warranted less than 500 m re
solution (Baba et al., 2019), we select a resolution of 1 km for our
model, based on data availability and computing power. Despite this
limitation, snow modeling at such a resolution and spatial scale has
never been attempted for the Moroccan Atlas. Our aim is to capture the
main features of variability in snow cover and provide a first order
characterization of the snow water balance of the basin.
2. Data and methods
2.1. Study area
The Oum-Er-Rbia, with its 550 km length and 3 km3 annual dis
charge, is one of Morocco’s major rivers. Its water supports 30% of the
country’s irrigated land, 50% of its hydropower capacity, and provides
for the daily needs of seven million people, including two major cities,
Casablanca and Marrakech. It flows northwestward from the northern
slopes of the High Atlas, Morocco’s largest mountain range. Our
13,104 km2 study area covers the drainage basins of four main dams,
corresponding to the major tributaries of the Oum-Er-Rbia, all located
at the foothills of the High Atlas (Fig. 1). Elevation in the area ranges
from 621 m to 3890 m, for a mean of 1882 m. Vegetation is sparse,
consisting mostly in bare soil and grass and rare shrubs in areas where
snow is present (Baba et al., 2019), with forest cover essentially limited
to the valleys. The area is under a rather continental climate, char
acterized by a large amplitude of temperature annual cycles (Knippertz
et al., 2003). Temperatures are minimal in January, when they range
from mild (~12 °C) below 1000 m to cold (-5°C) above 3000 m. Even at
that time, the foothills seldom go below freezing. By contrast, peak
summer temperatures, occurring in July, are very high (35 °C) at the
lowest elevations, and still quite warm above 3000 m (10–15 °C)
(Ouatiki et al., 2017). Conditions are overall quite dry, even at high
elevations, where annual precipitation reaches 800–1000 mm, against
lows of 250 mm in the plains to the west. About 80% of annual pre
cipitation occurs during the wet season, from October to April, when
the region is under the influence of North Atlantic westerlies which
bring the occasional storm systems responsible for most of the pre
cipitation (Knippertz et al., 2003; Tuel and Eltahir, 2018). Above
1500 m, snowfall is common during the winter months. Persistent snow
2
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Fig. 1. (a) Annual precipitation over Morocco (TRMM data, see text) and Oum-Er-Rbia watershed. (b) Study area (solid black line) within the Oum-Er-Rbia watershed
(dashed line), with elevation in shaded contours, main cities (dots), river network and snow station (cross).

Fig. 2. (a) December-March average snow cover in the Oum-Er-Rbia basin, from MOD10A1 v6. Data outside the direct neighborhood of the study area is not shown.
(b) Annual cycle of snow cover extent in our study area (mean: solid blue line, 90% range: blue shading). (c) Time series of weekly mean snow depth measured at
Oukaimeden station (blue dots) and fractional snow cover for the corresponding 500 × 500m MOD10A1 grid cell (black line). Horizontal bars at the top highlight
periods with more than 5% snow cover or 5 cm snow depth.
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cover is frequent above 2500 m, typically extends from December to
April, and rapidly disappears by the end of May (Boudhar et al., 2010)
(Fig. 2), though inter-annual variability is substantial (Marchane et al.,
2015). Our study area encompasses most of the zones in the Oum-ErRbia watershed that receive at least modest snow amounts on average
during the winter (Fig. 2).
High Atlas snow cover is characterized by substantial variability in
both space and time, a key feature in arid environments (Boudhar et al.,
2010). At the annual time scale, wet season precipitation exhibits a
large inter-annual variability (Knippertz et al., 2003), with a coefficient
of variation of about 0.3 (Tuel and Eltahir, 2018), a variability that is
reflected in seasonal snow extent (Marchane et al., 2016). Within a
season, precipitation also tends to occur in short and irregular storm
events; warm temperatures over a few dry weeks can lead to complete
disappearance of the snowpack even in mid-winter at high elevations
(Schulz and de Jong, 2004). Because net radiation dominates the snow
energy balance (López-Moreno, 2017), snow cover is also highly de
pendent on terrain slope and aspect, with bare ground not uncommon
even at high altitude (Marchane et al., 2015).

snow surface emissivity (taken to be 1) and the Stefan-Boltzmann
constant. Although equation (1) neglects many terms of the energy
balance (e.g., ground heat flux, sensible heat flux), at first order, Trad
represents the snow surface temperature that balances net surface ra
diation and can be interpreted as a measure of the amount of energy
available to heat/melt the snowpack. In particular, Trad can be above
0 °C. Short- and longwave are calculated as in Follum et al., 2015 (see
section 2.3.6), with the exception that we assume no vegetation cover,
an approximation we make due to the High Atlas’ sparse vegetation.
Tree cover is present at lower elevations (below 1500 m), where snow
cover is short-lived due to relatively high temperatures. Snow albedo is
parametrized according to the formula proposed by Brock et al. (2000)
and calibrated for the High Atlas by Boudhar et al. (2016):

= 0.8

where td is the number of days since last snowfall. Fresh snow albedo is
set at 0.8, a low value but which best fits observations in the High Atlas,
likely connected to the high concentration of mineral dust due to the
proximity of the Sahara Desert (Xu, 2018).
Air temperature Ta is used to determine the phase of precipitation:
we assume it will fall as snow if Ta is below 0 °C. Snowpack is char
acterized by its snow water equivalent SWE (in mm) and its heat deficit
Dt , a measure of the energy needed to bring the snowpack to its melting
temperature (0 °C). The heat deficit is expressed in mm of snow water
equivalent (Anderson, 2006). At each time step, the heat deficit is up
dated as new snow falls, as snow sublimates or as energy is transferred
from the atmosphere to the snowpack. The change in heat deficit due to
differences between snowpack and air temperatures is expressed as:

2.2. Snow model
In Mediterranean mountains, the snow energy balance is largely
dominated by radiative fluxes (López-Moreno et al., 2017; Boudhar
et al., 2016). Therefore, we select the radiation-derived temperature
index (RTI) melt formulation (Follum et al., 2015, 2019), within the
framework of the SNOW-17 model (Anderson, 2006). SNOW-17 simu
lates snow accumulation and loss empirically, using meteorological
variables to account for the various energy balance equation terms. The
main difference in this paper with the Follum et al. (2015) study is that
we add a sublimation module, based on a bulk-aerodynamic flux for
mulation. We give here a brief summary of model structure (see Fig. 3)
and equations; readers are referred to Follum et al. (2015) and
Anderson (2006) for more details.
RTI uses a proxy temperature Trad calculated from the surface ra
diation balance, instead of actual air temperature, to estimate snow
melt. It therefore includes spatial variability in potential melt due to
variability in incoming shortwave and longwave. Trad is given by the
following:

Trad, t =

LW + (1

) SW

LE

Dt = NMF ·(ATI

(3)

Tsnow )

where ATI is the antecedent temperature index (in °C), Tsnow is the snow
surface temperature, and

NMF = NMFmax ·

SW12h,t
·dt
max(SW12h, t )

(4)

where NMFmax is the maximum negative melt factor (in mm/°C/hr),
SW12h, max is the incoming shortwave radiation at noon on a flat surface
on the current day and max(SW12h, t ) its maximum value across the
whole year. dt is the time step (in hr), here chosen to be 6. Snow surface
temperature is parametrized as in Boudhar et al. (2016):
Tsnow = min(0, 0.72·Ta 2.47) . In the case of a positive latent heat flux
LE , the heat deficit is reduced proportionally to the amount of snow lost
by sublimation during the time step:

1/4

(1)

s

(2)

0.21log10td

where LW is the downward longwave radiation, SW downward
shortwave, snow albedo, LE the latent heat flux (see below), s the

Dt =

LE
·3600·dt
Ls

SWEt

·Dt

1

(5)

where Ls is the latent heat of sublimation (2.834 MJ/kg).
Melt can occur once the heat deficit reaches 0. If less than 1.5 mm of
rain occurred during the previous 6 h, melt is calculated by

M = dt·Mf ·Trad + 0.0125·p · fr ·Tr

(6)

with Mf the melt factor, p precipitation (mm), fr equal to 1 if Ta is larger
than 0 °C, 0 otherwise, and Tr is the precipitation temperature (max
imum of 0 °C and Ta ). Otherwise, melt is given by

M = dt· ((Trad+273.15) 4
·fu ·

dt
((rh·esat
6

273.154) + 0.0125· p ·fr · Tr + 8.5

6.11) + 0.00057·Pa· Ta )

(7)

where fu = 0.5 mm/mbar/6hr, rh is the relative humidity, esat the sa
turation vapor pressure (mb), and Pa the air pressure (in mb). esat , taken
over water for Ta 0 and ice otherwise, is calculated as in Alduchov
and Eskridge (1996); Pa is assumed to be constant with elevation H ,
given by Pa = 1013.25·(1 2.25577·10 5H )5.25588.
Eqs. (3)–(6) involve three parameters: Mf , NMFmax and TIPM (used
to calculate ATI, see Anderson, 2006) which must be calibrated. The

Fig. 3. Schematic of SNOW17.
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RTI originally also includes another parameter, PLWHC, the relative
fraction of liquid water holding capacity to the snowpack, which we
take to be fixed at 0.05.
We parametrize sublimation based on the bulk-aerodynamic
method, which assumes the latent heat flux (LE , in W/m2) to be pro
portional to wind speed and water vapor gradient between the surface
and a given level z:

LE = FSC ·

f · Ls · · ·U (z )·(q (z )
log

( )
z
z0

relative humidity and 2-meter wind speed are available from 2003 to
2016, with occasional gaps (5–14% of the data depending on the
variable). 30-minute air temperature was also measured from 2010 to
2018. Daily precipitation data is not available at the station, but only at
the nearby CAF (Club Alpin Français) station located 600 m downslope,
for the 1989–2010 period.
2.3.2. MODIS snow cover
For snow cover data, we use the MODIS Terra snow cover daily L3
product (MOD10A1) at 500 m resolution (Hall and Riggs, 2016). The
data is available from late February 2000 to present. Snow cover is
detected based on the Normalized-Difference Snow Index (NDSI), cal
culated from reflectances in the visible/near infrared and middle in
frared. Snow cover fraction is then estimated from the NDSI using an
empirical relationship fitted to high-resolution LANDSAT images from
various regions of the world. Because of frequent cloud (~30%) cover
in the High Atlas during the wet season, many data are missing or
potentially misclassified. We apply the filtering algorithm introduced
by Marchane et al. (2015) to filter missing data at the daily timescale,
and then average snow cover at a weekly timescale. By comparing to
station data and high-resolution (8 m) FORMOSAT-2 images, Marchane
et al. (2015) found that, using this filtering process, the MOD10A1
product was able to accurately reproduce snow cover area in Morocco’s
mountains, including the timing of onset and melt. Fig. 2-c shows the
correspondence between observed snow depth and MODIS fractional
snow cover for the Oukaimeden station.

qs )

2

(8)

where FSC is the grid cell fractional snow cover, is air density (kg/
m3), is the von Karman constant, U (z ) and q (z ) are respectively the
wind speed (m/s) and specific humidity (kg/kg) at height z, qs is the
surface specific humidity (kg/kg), z 0 is the surface roughness length (set
to 0.001 following Boudhar et al., 2016), and f is a non-dimensional
stability factor defined based on the bulk Richardson number
(T T
)·(z z 0)
Ri = 9.81· a snow
2 (Anderson, 1976; Brutsaert, 1982):
(Ta +273.15)·U (z )

f=

(1
(1

1ifRi = 0
5·Ri )2ifRi < 0(unstable)
16·Ri )0.75ifRi > 0(stable)

(9)

qs is calculated assuming surface saturation at Tsnow .
The model estimates SWE at each grid cell; we translate it to snow
cover using the following formula:
(10)

SC = 0.85·tanh(k·SWE )

2.3.3. Topography
Elevation data is derived from the Shuttle Radar Topography
Mission 90-meter resolution dataset version 4.1 (STRM90) (Jarvis et al.,
2008), and resampled by bilinear interpolation to the MODIS land
surface temperature resolution of about 1 km.

with k = 100m 1 (Boudhar et al., 2011) and SWE in meters. We discuss
(10) further in section 3.2. 0.85 is selected as maximum allowable snow
cover due the quasi-absence of grid-scale (500 m) snow fractions larger
than 85% in satellite observations. This likely reflects the strong smallscale variability of snow cover in the High Atlas at high altitudes (Baba
et al., 2019).
Due to the large number of grid cells and associated computing
time, the three parameters (Mf , NMFmax and TIPM ) are fitted by max
imizing the Nash-Sutcliffe coefficient (Nash and Sutcliffe, 1970) be
tween the observed and simulated snow cover at 250 randomly selected
grid points, at altitudes representative of the distribution of altitudes
across the whole basin. To test the applicability of the RTI-SNOW17
model, and compare our results with those of Boudhar et al. (2016), we
also fit the parameters to the observed snow depth series at Oukai
meden, using the TRMM precipitation estimate for the corresponding
grid cell. SWE in the model is converted to snow depth (SD) (to com
pare with Oukaimeden measurements only) with the formulation used
in Bouamri et al. (2018):

SD(t ) = SWE(t ) ×

2.3.4. Surface temperature
Spatially distributed air temperature is derived from the global
MODIS Land Surface Temperature (LST) product MOD11A1 L3 version
6 at 1 km resolution (Wan et al., 2015). MOD11A1, available from
February 2000 to present, provides an estimate of land surface tem
perature based on clear-sky thermal infrared brightness temperatures,
twice every 24 h (daytime measure at 10:30 and nighttime measure at
22:30 local solar time). The underlying algorithms rely on additional
MODIS data for local corrections, including snow and cloud cover,
emissivity, or water vapor. Details of the algorithm can be found in Wan
(2008). The MODIS LST data was shown to be accurate within 1 °C in
clear-sky conditions for snow-covered areas above −15 °C (Hall et al.,
2008), below which air temperature seldom goes in the High Atlas. The
strong correlation between LST and air temperature Ta has been docu
mented in a number of studies, notably over snow cover (Hachem et al.,
2012; Wang et al., 2013), with root-mean square errors of up to 4–5 °C
in cold mountain environments (Williamson et al., 2014). MODIS LST
has been used for distributed snow modeling with SNOW-17 by Shamir
and Georgakakos (2014) in the mountains of Turkey, who found that
LST-derived air temperature was highly correlated to station tempera
ture (r = 0.93) and performed well in estimating snow mass and
maximum SWE.
There are three main challenges associated with the use of LST for
snow modeling. First, thermal satellite LST data collection is impossible
under cloud cover, since cloud-top temperatures are measured instead
(Ackerman et al., 1998). Many LST data are therefore missing and need
to be filled. Second, although highly correlated, LST and air tempera
ture are not the same, and a correction needs to be applied. Third, LST
is measured only twice a day, and we need to infer its daily cycle in
order to run a snow model at 6-hour time steps.

w

(11)

s (t )

with w = 1000kg/m3 (density of liquid water) and s is snowpack
density, calculated as the average between the density of the previous
snowpack:
s (t )

= ( s (t

dt )

max )

×e

f

·dt

+

(12)

max
Ta
e 2.6

and that of fresh snow new = 67.9 + 51.3 ×
(Hedstrom and
Pomeroy, 1998). f / = 0.24/4800s 1 is a characteristic time of density
evolution.
2.3. Data
2.3.1. Station data
Quality checked data is available at the Oukaimeden automatic
weather station, located at 3200 m altitude near the Oukaimeden ski
resort, about 75 km away from the border of our study region (Fig. 1-b)
in a similar physio-geographical setting. Daily snow depth is available
for 6 seasons (2003–2006 and 2007–2010), and daily air temperature,

2.3.4.1. Filling of missing LST values. We fill missing LST values for
daytime and nighttime series separately, by first calculating the daily
5
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Fig. 4. (a) Air temperature measure at
Oukaimeden station against the corre
sponding MODIS LST value, for daytime
(red) and nighttime (blue) measurements.
(b) Daily cycle of air temperature at the
Oukaimeden station (dashed black line:
30-minute time step; solid black: 6-hourly)
and 6-hourly cycle of MODIS LST-derived
air temperature (blue).

deviation to an estimated annual LST cycle, and then interpolating
missing values in both space and time. Since fewer than 20 years of data
are available for any single day of the year (and even less for some grid
cells due to cloud cover), and since LST can vary wildly on any given
day, we estimate an annual cycle for LST at each grid point by
averaging LST data for each week of the year. Then, we interpolate
anomalies relative to that annual cycle as follows: for each 50 kmsquare in our domain, if less than 75% of data is missing, interpolation
is performed spatially using 2D-kriging with an exponential
semivariogram, fitted over the full area for all days and years
available in the week of interest. If not, then interpolation is
performed temporally using an autoregressive model of order 1 fitted
to the time series of LST anomalies at each grid point.

of air temperature is on average within 0.5 °C of the observations
(Fig. 4-b).
2.3.5. Precipitation
In complex, mountainous terrain with little to no station data, as is
the case of the High Atlas, precipitation data from high-resolution sa
tellite-based products is often the only option available. Here, we use 6hourly precipitation from the TRMM TMPA (TRMM Multi-Satellite
Precipitation Analysis) 3B42 version 7 dataset, which provides 3-hourly
precipitation estimates by combining remotely-sensed data and cor
recting with rain gauge data on a monthly basis (Huffman et al., 2001).
TRMM was selected for its relatively high spatial and temporal re
solution and its overall better performance over our region compared to
CHIRPS and GPM. TRMM data covers the period 1998 to present. It
suffers from numerous biases, particularly at high elevations. First,
accurately capturing snowfall remains challenging, particularly over
snow surfaces. Second, in regions with few stations, gauge correction is
uncertain, and made difficult by the topography (e.g., rain shadows).
Third, TRMM tends to underestimate wet season precipitation, a par
ticular concern in the present case (Milewski et al., 2015; Derin et al.,
2016; Hashemi et al., 2017; Ouatiki et al., 2017). The accuracy of the
TRMM 3B42 V7 dataset was evaluated over the Oum-Er-Rbia watershed
by Ouatiki et al. (2017). While TRMM precipitation is unreliable at the
daily timescale, its quality improves when averaged in space and time;
at the annual time scale, they found RMSE values of 150–250 mm for
stations at 1600–1800 m altitude. A large part of the bias occurs during
summer, when local convective events are badly captured, but under
estimation of winter precipitation is also important in mountain sta
tions. Their results are consistent with those of Milewski et al. (2015)
who analyzed TRMM V7 data over northern Morocco, including the
Oum-Er-Rbia. At the location of the only currently available high-alti
tude station (CAF station), TRMM indicates an average of 725 mm of
precipitation from November to April, against 350 mm measured at the
station. Still, topography varies substantially within the 25x25km
TRMM grid cell, ranging from 1000 m in the valleys to 4167 m at the
Jbel Toubkal, Morocco’s highest peak. Despite its deficiencies, TRMM
remains our best baseline to estimate precipitation in this rugged and
ungauged terrain.

2.3.4.2. Derivation of air temperature from MODIS LST. In general, the
difference between LST and Ta is positive during the day, as solar
radiation warms up the land surface, and negative at night, because the
land surface cools faster than the air (Fig. 4-a). The LST-Ta relationship
has been extensively studied, both theoretically and empirically. The
general conclusion is that it depends on local variables, such as land
cover, terrain aspect, the presence of snow, or soil moisture (e.g.,
Mildrexer et al., 2011). Here, we apply a simple linear correction
Ta = · LST +
inferred from the 30-minute air temperature data
measured at Oukaimeden station. We select the closest station
measurement for each LST value in the Oukaimeden grid cell, and
estimate regression coefficients ,
for each three-month period
October-December, January-March, April-June and July-September,
and for day- and nighttime measures separately. The resulting RMSE
is found to be 3 °C. The same correction is assumed valid for the whole
basin, admittedly a very broad assumption, justified here however by
our lack of additional station temperature data.
2.3.4.3. Daily cycle. To interpolate the daily temperature cycle to 6hour time steps (0, 6, 12 and 18 h local time), a common approach is to
rely on harmonic functions (e.g., Shamir and Georgakakos, 2014).
However, daily cycles of LST and air temperature do not appear to
match sine waves (Fig. 4-b), so we opt for a different formula. At each
grid point, the hour of sunset and sunrise are calculated based on day,
slope and aspect (Duffie and Beckman, 2013). The nighttime LSTderived Ta is assumed representative for the whole night, from two
hours after sunset till sunrise. Between sunrise and the daytime LST
measure, LST-derived Ta is linearly interpolated. Between the daytime
measure and two hours after sunset, it is interpolated using a seconddegree polynomial with a maximum forced at two hours after solar
noon. At the Oukaimeden station, the resulting LST-derived daily cycle

2.3.6. Cloud cover
To calculate downward longwave and shortwave, we adopt the
formulations of Follum et al. (2015) used in the GHSSA model (Downer
et al., 2006):
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Fig. 5. December-March average temperature in our study area: (a) MODIS LST-derived, (b) MRCM interpolated to 1km resolution with elevation lapse-rates, and (c)
histogram of the difference ((a) minus (b)).

2.4. Model configuration and experiments

SW = S0 Kr K atm K c Ks Kt
LW = · a ·(Ta + 273.15) 4 ·(1 + 0.17N 2)

(13)

We run the snow model at a 6-hourly time step over the 2001–2011
period (10 hydrological years), during which all the forcing data is
available, at the native MODIS LST (MOD11A1) resolution, of about
1000 by 1000 m. While that resolution may not be ideal to account for
the small-scale variability in snow cover characteristic of the High Atlas
(Baba et al., 2019), we select it here as a compromise between re
solution and computation time. For comparison, 1 km2 is the resolution
at which SNOW17 is run over the coterminous United States within the
Snow Data Assimilation program (Carroll et al., 2006). To check our
results, we also ran the model at a 500 m resolution over the whole
basin, and found no significant difference with the 1 km experiment. To
test the sensitivity of the results to uncertainties in the forcing data,
specifically temperature and precipitation, we fit the snow model under
several configurations. First, three experiments in which an offset of
respectively −3, 0 and 3 °C is applied to the LST-derived air tem
perature, with precipitation kept constant. We refer hereafter to these
experiments as “LST-3”, “LST + 0” and “LST + 3”. The “LST + 0”
experiment is also considered to be the control experiment. Second, in
the fourth experiment (“TRMM + 33%”) TRMM precipitation is am
plified by 33%, under unchanged LST-derived air temperature. Finally,
we also assess the influence of the choice of SWE-snow cover re
lationship by fitting the snow model to a more conservative version of
(10): SC = 0.8·tanh(k· SWE ) with k = 40 (the two relationships can be
compared on Fig. 7-b.). We refer to this experiment as “SC40”. Opti
mized model parameters are determined for each experiment as de
scribed in section 2.2.

where S0 = 1366W / m2 is the solar constant, a is air emissivity (taken to
be 0.757 when snow is present), N is fractional cloud cover and the K
factors are coefficients of reduction of incoming solar radiation due to
Earth-Sun distance (Kr ), atmospheric scattering (K atm ) , cloud absorp
tion (K c ) , terrain slope and aspect (Ks ) and topographic shading (Kt ).
The daily cycle of solar radiation is included in Ks . In particular,
K c = 1 0.65N 2 . We estimate N from the Terra MODIS MOD06_L2
version 6 cloud cover dataset (Platnick et al., 2015), available at 5 kmresolution from late February 2000 to present. The data is first linearly
interpolated to extract 6-hourly time series. Over the whole available
period, 9 sequences of more than two consecutive days are missing,
during which MODIS LST data is also unavailable. In these cases, we
randomly sample cloud cover values at each grid cell among nonmissing values in the same cell and during the same month. Finally, the
data is resampled at the MOD10A1 1 km resolution selected to run the
model.
2.3.7. High-resolution dynamical downscaling of ERA-Interim
For humidity and wind data, we rely on dynamically-downscaled
output from the MIT Regional Climate Model (MRCM) forced with ERAInterim (Tuel et al., 2020). MRCM is based on the Abdus Salam Inter
national Centre for Theoretical Physics Regional Climate Model Version
3 (RegCM3), but with significant enhancements of model physics, and
notably a coupling with the Integrated BIosphere Simulator land sur
face scheme (IBIS). Dynamical downscaling is performed for the
1982–2011 period at a resolution of 12 km. Details of the simulation,
including model setup and performance, can be found in Tuel et al.
(2020).
We extract 6-hourly 2-meter wind speed u , specific humidity q and
air temperature Ta over our domain. Air temperature is used only to
compare to the MODIS LST-derived estimates. Since the 12 km re
solution is too coarse to account for all the sharp elevation gradients,
we downscale specific humidity and temperature using 1 km elevation
and altitude lapse rates estimated at each time step. Wind speed is left
unchanged. Within a 12-km MRCM cell with temperature T12 , humidity
q12 and elevation z12 , the downscaling to the 1 km grid cell with ele
vation z is given by:

Ta = T12 + ·(z z12)
log(q) = log(q12) + µ ·(z z12)

3. Results and discussion
3.1. Comparison of MRCM output with MODIS temperature data and
Oukaimeden station data
Fig. 5 shows the December-March mean daily LST-derived air
temperature and the corresponding MRCM field. Overall, there is re
latively good agreement between the two, with MRCM colder by
0.92 °C on average. While MRCM temperatures undoubtedly suffer from
bias as well, this suggests that the LST correction calculated at the
Oukaimeden station and applied to the whole area reasonably succeeds
in capturing the overall magnitude of surface air temperature during
the wet season. For the most part, the two datasets are within 3 °C of
each other, but the difference is largely elevation-dependent. MRCM is
colder in the valleys by 1–2 °C, and warmer at high elevations, espe
cially where snow cover is present, by 3–4 °C (Fig. 5). This is likely due
to the lack of snow cover in MRCM (largely absent at 12 km resolution)
which leads to a warm bias due to snow-albedo feedback, and

(14)

where , µ are elevation lapse-rates, estimated from the MRCM output
at each time step.
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Fig. 6. (a) Average daily temperature during the snowy season (October 1st – June 1st) at the Oukaimeden station: observations (red), MRCM (black) and MODIS LSTderived (blue). (b) Daily air temperature deviations to averages shown in (a): MRCM (black) and MODIS (blue) against observations. (c) Density of October-May daily
wind speed at the Oukaimeden station in observations (black) and the MRCM simulation (red). (d) October-May daily specific humidity at the Oukaimeden station:
observations against MRCM simulation.

potentially to an uncorrected cold bias in the MODIS data due to the
presence of snow at high elevation (Shamir and Georgakakos, 2014).
Above-zero air temperatures are frequent at high elevations during
winter (Ta 0 °C 47% of the time between December and March at the
Oukaimeden station); in such cases, if snow is on the ground, LST will
be colder than the air temperature since the snow surface temperature
will not exceed 0 °C. MRCM also fails to capture much of the contrast
between north- and south-facing slopes: these are small scale (less
than10 km) effects unresolved at the chosen resolution. Our im
posed ± 3 °C range around the LST-derived air temperature in the
sensitivity data should therefore be enough to capture the “true” air
temperature values.
At the Oukaimeden station, the annual cycles of both MRCM and
MODIS LST-derived air temperature are in good agreement, with a
slight warm bias for MRCM (+0.5 °C) and insignificant bias for MODIS
(+0.12 °C), unsurprising here since observations are used to define the
linear correction (Fig. 6-a). The spread of daily deviations to each
series’ annual cycle is also well-captured, although here MRCM per
forms better (RMSE of 1.8 °C against 3 °C for MODIS) (Fig. 6-b).
MRCM also performs well for daily surface wind and humidity. The
correlation of daily 2-meter wind speed with station data is quite low
(r = 0.18), but is higher at the monthly time scale (r = 0.59). The
distribution of daily wind values also closely follows that of the ob
servations (Fig. 6-c). In addition, daily variability of specific humidity is
reasonably captured (correlation of 0.66, bias of 0.1 g/kg and RMSE of

0.8 g/kg, or 33% of the mean), which highlights the performance of
MRCM and the accuracy of the downscaling from equation (14).
3.2. Testing the snow model at the Oukaimeden station
The snow model, forced with MODIS LST-derived air temperature,
TRMM precipitation, empirical estimates of incoming radiation and
MRCM surface wind and humidity, is fitted to the observed snow depth
value at the Oukaimeden station. With Mf = 0.05 , NMFmax = 2.5 and
TIPM = 0.15, there is a very good fit between the annual cycles of ob
served and modeled snow depth (Fig. 7-a). The rapid melt starting in
early March is nevertheless faster in the simulation compared to ob
servations. While inter-annual variability is not correctly captured,
likely due to TRMM biases, weekly fractional snow cover is not far off
from the MODIS estimates (Fig. 7-b). Unsurprisingly, given the char
acteristic patchiness of snow cover within a grid cell (Baba et al., 2019),
MODIS snow cover is often smaller than the fractional coverage in
ferred from the modeled SWE series (which is itself not perfect). Peak
SWE occurs around March 1st, and averages 240 mm in the simulation,
against an observed value of 300 mm (Bouamri et al., 2018), a negative
bias consistent with that of TRMM precipitation at high elevations.
Sublimation losses average 90 mm of water equivalent, or
21.4 ± 4.6% of snowfall, in good agreement with the 25% estimate of
López-Moreno et al. (2017) obtained for the same station.
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Fig. 7. Results of snow model at
Oukaimeden station. (a) Average annual
cycle of snow depth (black: observed; red:
calibrated model output). (b) Weekly
modeled SWE against MODIS fractional
snow cover for the corresponding grid cell.
The dashed black (respectively blue) line
shows the SWE-snow cover relationship
defined by equation (10) (respectively
(11)).

Table 1
Model parameters: Allowable range and calibrated values for the RTI-SNOW17 model parameters. See Anderson (2006) for details on the selected allowable range.
Parameter

Mf

NMFmax
TIPM

Name

Melt factor

Maximum negative melt factor
Antecedent temperature index parameter

Unit

mm/°C/hr
mm/°C/hr
fraction

Range

Value

0.001–0.6

0.001–3
0.001–1.0

3.3. Comparison of the distributed snow model results to snow cover data

Station

LST + 0

LST-3

LST + 3

TRMM + 33%

0.05

0.06

0.205

0.035

0.08

2.5
0.15

1.2
0.3

0.15
0.91

2.5
0.2

0.3
0.8

depth at the station may also not be representative of conditions pre
vailing for the 1 km grid cell.
At the basin scale, the fitted model reproduces much of the char
acteristics of the snow cover distribution as inferred from the MODIS
data. The magnitude and variability of snow cover are well approxi
mated, both at the daily and seasonal timescale (Fig. 8). Some shortterm peaks in snow cover are underestimated, as in January 2007
(Fig. 8-b), or overestimated, as in March 2009 (Fig. 8-c). This is not
unexpected given the uncertainty in the forcing data. One should also
remember that MODIS snow cover is itself an imperfect measure of
snowpack extent, even when averaged at the weekly timescale. Nonmissing data is not free of errors and the filtering algorithm im
plemented here may fail in certain circumstances (e.g., particularly
persistent cloud cover) (Baba et al., 2019).
Looking at different elevation ranges, we find that mean snow cover
and its inter-annual variability are also well reproduced (Fig. 8-d and

The allowable range and calibrated values of the three model
parameters for all basin-wide experiments are given in Table 1. Like
Follum et al. (2015), we find that Mf is the most sensitive for the ca
libration, but that NMFmax is slightly more sensitive than TIPM . Near
the optimal Mf , two or three combinations of NMFmax and TIPM often
yield Nash-Sutcliffe coefficient values not far from the maximum. Thus,
while the calibration of Mf is probably more reliable (it is constrained
by the observed disappearance of the snowpack once the heat deficit
has reached 0), that of the other two parameters should be seen with
some caution. In addition, while fitted parameter values for the station
experiment may seem similar to those for the LST-3 experiment, they
are obtained by optimizing with respect to pointwise observed snow
depth, and not MODIS snow cover as in other experiments, and pre
cipitation at the exact station location is not available either. Snow
9
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Fig. 8. Snow model results for the control
experiment. (a-c) Daily snow cover extent
from model simulations (red) and weekly
extent from the MOD10A1 dataset (blue)
for three hydrological years (shown top
right): (a) 2003–04, (b) 2007–08 and (c)
2009–10. (d) December-March average
snow cover (in %) in model simulations
and MOD10A1 data, for all 10 hydro
logical years of the simulations, at various
elevation ranges. (e) Weekly modeled
snow cover extent against MOD10A1 es
timates (2001–2011).

9), particularly the timing and speed of snowpack build-up and melt.
Still, the model tends to overestimate snow cover at high elevations
(≥2500 m) and underestimate it at low elevations. The latter is not
particularly critical since snow cover below 1500 m is mostly scarce
and short-lived, and stores little to no water over the winter season. The
former, however, suggests an overestimation of the snow water content,
or an inadequacy of our SWE-fractional snow cover relationship. For a
given SWE, we may be underestimating the variability of snow cover
below 1 km, and therefore falsely inflating the corresponding fractional
snow cover.
The fraction of snow to total precipitation is also useful to consider.
Based on the MODIS LST-derived air temperature, the fraction of
snowfall to annual precipitation ranges from 2 to 3% at the lowest
elevations (~800 m) to more than 65% near the highest peaks (Fig. 10b). Areas above 2500 m, which account for most of the snowpack, re
ceive about 52% (respectively 75%) of their annual (respectively No
vember-April) precipitation as snow. The comparison with the CAF
station figures (snowfall is 50% of annual and 68% of November-April
precipitation, Fig, 10-d) suggests that the MODIS LST-derived air tem
perature may still be positively biased with respect to real-world Ta . The
higher snow fractions in the LST-3 run are indeed closer to observed
values. Another possibility is that precipitation is preferentially un
derestimated when it is solid, a common problem with satellite-based
estimates (Derin et al., 2016; Fayad et al., 2017), thus automatically
decreasing the fraction of snow to annual precipitation.

occasional strong winds (Fig. 6-c), conditions are met for large latent
heat fluxes. In the control (LST + 0) simulation, we find for the basin as
a whole that snowpack losses by sublimation amount to 0.095 km3 on
average, which is small compared to total precipitation (1.9% of annual
precipitation, 2.8% of November-April precipitation) and to the total
snowfall (~9%). Relative losses increase rapidly with elevation, from
only 5% at 2000 m to about 30% above 3500 m (Fig. 10-d). Near
3200 m altitude, sublimation removes 20% of the snowpack, not far
from the 25% found by López-Moreno et al. (2017) at Oukaimeden.
Still, the difference remains significant. Part of it may be due to the fact
that the latitude of our domain is slightly higher and relative humidity
is consequently larger (46% at Oukaimeden vs. 54% at similar locations
in our domain). At 12 km, the resolution of our downscaled regional
climate simulations remains coarse for snowpack modeling and there
fore wind speed at high elevations may also be underestimated, a
possibility that would require additional wind measurements to verify.
Inter-annual variability in sublimation losses is substantial: they vary
between 18% and 42% above 3500 m, and, even below 2000 m, range
from 1 to 5%.
These estimates are naturally very dependent on the wind, humidity
and temperature data used as forcing. They are about a third lower in
the LST-3 simulation compared to LST + 0, and half again as much in
LST + 3, but display the same strong dependence to elevation (Fig. 10d). For instance, above 3000 m, 21% of the snowpack is lost to sub
limation on average in LST + 0, 14% in LST-3 and 32% in LST + 3.

3.4. Snow model output: Latent heat fluxes

3.5. Snow model output: basin-wide SWE volume

The High Atlas is characterized by rather dry conditions, even at
high altitudes during winter: for instance, the average relative humidity
between December and March at the Oukaimeden station (3200 m asl)
is only 46%. Together with persistent snow cover above 2500 m and

Although no basin-wide SWE observations are available, it is useful
to estimate the total snowpack water content inferred by the model
constrained by the observed snow cover. The average annual cycle of
basin-wide SWE is shown on Fig. 11-a. The build-up of the snowpack is
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gradual, starting in early November; a peak is reached around February
1st followed by melting ending in mid-May. At its peak, basin-wide
SWE reaches 150 million cubic meters (MCM), or 0.15 km3 (Fig. 11-a).
This is a small fraction of cumulative snowfall for the area, which
amounts to roughly 1 km3. Due to the high inter-annual variability of
precipitation, the SWE peak can range anywhere from 50 to 450 MCM,
a much larger variability than that of precipitation. Most of the snow
pack, even at its peak, is concentrated above 2500 m, an area which
covers about 15% of the whole basin (Fig. 11-b). Despite frequent
snowfall, areas below 2000 m are insignificant in terms of water
equivalent. Melt is rapid, essentially occurring between February and
May (Fig. 11-d), when temperatures quickly rise above freezing at all
altitudes. However, even during winter, positive temperatures are fre
quent and this is reflected in non-negligible melt rates throughout the
snowy season. Our model indicates an average cumulative melt of 260
MCM between October and June.

(Fig. 11-c). The maximum peak SWE is unsurprisingly attained in the
SC40 experiment, since it requires a higher SWE to attain the same
fractional snow cover. This still amount to a significant uncertainty,
which is difficult to resolve. An empirical backward SWE reconstruction
constrained by the evolution of the snow cover (Fayad et al., 2017) may
be useful as a future step to test the validity of our SWE results, for
instance using higher-resolution Sentinel data. Additional station data,
even at low elevations, would be helpful to improve temperature esti
mates. Because our approach uses snow cover to fit the snow model, the
SWE-snow cover relationship is a major source of variability in the
results, as we see in the case of the SC40 experiment. In the control
formulation, maximum cell snow cover is reached for 5 mm SWE,
roughly 15–40 cm of snow depth. Increasing that threshold to 10 mm as
in SC40 increases peak basin-wide SWE by 60MCM, and therefore the
extreme case of a 20 mm threshold could potentially bring the result up
to 300MCM, or double what we found in the control experiment. The
analysis of spring runoff volumes could help put an upper bound on that
figure.Fig. 10
Precipitation biases, however, are more challenging to tackle with
no high-altitude data at hand. Statistical models to correct and dis
tribute precipitation within a TRMM grid cell based on fine-scale to
pography may help resolve some of the biases due to the complexity of
the terrain at small scales. Another possibility would be to calibrate
additional parameters in SNOW17 which we took constant here, in
particular the temperature threshold to define snowfall and a pre
cipitation under-catch adjustment factor (Follum et al., 2015). Still, the
potential underestimation of precipitation does not seem to impact the
SWE estimates very much: they are only about 10% higher in the
TRMM + 33% experiment than in the control run. In the absence of
station data, it is difficult to determine whether this correction is

3.6. Sensitivity to input data and modeling assumptions
Finally, we turn to the sensitivity analysis of basin-wide SWE and
snow water balance to uncertainties in the forcing data and to the SWEsnow cover relationship. Optimal parameters are found for each ex
periment so that they all reproduce basin-wide and elevation-specific
snow cover series, though most (except LST + 3 and the SC40 ex
periments) tend to overestimate snow cover between 2500 and 3000 m
(as in Fig. 9). The build-up of the snowpack is also too slow in the SC40
run, no doubt due to the larger SWE required to reach maximum snow
cover (section 2.4). However, constrained as they are by the observed
snow cover series, the various experiments all show somewhat similar
basin-wide SWE values, between 120 and 210 MCM at their peaks

Fig. 9. Average annual cycle of snow cover (in %) in the control experiment at various elevations ranges within our study area: (a) > 3500 m, (b) 3000–3500 m, (c)
2500–3000 m, (d) 2000–2500 m, (e) 1500–2000 m and (f) whole area.
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Fig. 10. (a) Annual precipitation (TRMM). (b)
Fraction of annual precipitation falling as snow.
(c) Fraction of annual precipitation lost by sub
limation. (d) Fraction of annual precipitation
falling as snow (black, left axis) and fraction of
snowfall lost to sublimation (blue, right axis) as a
function of elevation. Estimated values for the
CAF station and Oukaimeden experimental site
are also shown. Data for (a-b) is from the control
(LST+0) experiment. LM 2017 = Lopez-Moreno
et al. (2017).

121.006 mm

enough to compensate for underestimated or even missing snowfall
episodes in the TRMM data; results by Hashemi et al. (2017) over the
United States suggest that winter precipitation above 3000 m altitude
may be underestimated by as much as 50%. For a fixed SWE-snow cover
relationship, the impact of precipitation uncertainty on peak SWE
seems small (Fig. 11-c), though it would matter for melting rates: too
much precipitation at fixed snow cover may lead to overestimation of
melt during the cold season.
As discussed previously, sublimation rates are also uncertain,
mainly because of biases in air temperature and surface wind speed.
The low rates found in the LST-3 experiment seem unlikely based on
what is known in such environments (López-Moreno et al., 2017), and
our 20% estimate above 3000 m is probably at the low end of the range.
Rates of 45% were measured on the southward, much drier side of the
Atlas, thus setting an upper bound to what can reasonably be expected
in our region. Overall, a 20–35% range is realistic.

almost exclusively concentrated above the 2500 m altitude line. We
also find that sublimation losses are substantial, ranging from 0.06 to
0.14 km3 for the whole basin and amounting on average to 20% of total
snowfall above 3000 m, in keeping with previous results (LópezMoreno et al., 2017). Our results offer a first-order estimate of sub
limation in the High Atlas, in absence of even a sparse network of direct
sublimation observations. In addition, the model offers the potential for
assessing the sensitivity of High Atlas snowpack to climate change, of
critical importance for the region. Many improvements to our approach
are possible, whether regarding the selection and correction of data or
the modeling itself, and the advent of higher-resolution snow cover
estimates with Sentinel-5 will certainly help in this direction (Baba
et al., 2019). However, as long as station observations remain so scarce,
any estimate of snow dynamics in the High Atlas will remain quite
uncertain. In particular, more direct measurements of latent heat fluxes
are necessary to validate sublimation parametrizations and modeled
fluxes in this region.

4. Conclusion
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Fig. 11. (a) Annual cycle of basin-wide SWE in
the control experiment: mean (solid blue) and
90% range (blue shading). (b) Cumulative dis
tribution function of basin area (x-axis) and peak
SWE (y-axis) as a function of elevation
(shading). Basin area and peak SWE were both
renormalized by their maxima to make the two
axes equal. (c) Annual cycles of basin-wide SWE
in the various sensitivity experiments. (d)
Annual cycle of average daily melt rate for areas
with positive snow cover.
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