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Objective of the document
The objective of deliverable D1.4 (WP1) is to use data and models gathered and implemented
in T1.1 (Data collection, preparation and management) and T1.2 (Set-up of models and
seamless modelling-chain) to perform assessments of meteorological and snow conditions in
the nine PROSNOW ski resorts (see Figure 1). The focus is on model evaluation for past time
periods, including testing the performance of the prediction systems in hindcast mode (i.e.
running the forecast chain for past situations).
This document summarizes the generation and evaluation of sub-monthly and seasonal
forecasts of temperature and precipitation at the pilot resorts. In addition, comparison of
seasonal hindcast and the climatology-based evolution of snow cover is given.

Classic/Zugspitze, and Livigno). Figure 1 and Table 1 show the locations
document further explains
treatment
of raw seasonal forecast data, in order to make
and keyThecharacteristics
of thethepilot
resorts.
them usable for snowpack modelling and the different steps for evaluating the hindcast data.

Figure 1: Location of the PROSNOW pilot ski resorts.

Figure 1: Locations of the PROSNOW pilot ski resorts.

Table 1: Overview of the nine PROSNOW pilot ski resorts.
Resort

Country

Arosa-Lenzerheide
Colfosco
Garmisch Classic/Zugspitze
La Plagne
Les Saisies
Livigno
Obergurgl

CH
IT
DE
FR
FR
IT
AT

Elevation range (m a.s.l.)

Slope surface area (ha)

1200–2865
1531–2218
708–2720
1250–3250
1150–2069
1816–2797
1930–2898

384
64
66
528
214
448
107
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1. Introduction
The overall objective of the PROSNOW project is to develop a seamless snow prediction
system allowing for improved ski resort management and optimization, covering forecast time
scales from a few days to the entire skiing season. Various meteorological forecasting methods
will be considered with different levels of accuracy, mainly depending on the lead-time of the
selected forecast period (Morin et al. 2018).
PROSNOW covers climate forecast lead times not addressed by operational weather forecast
information already widely used by mountain professionals. Long-term in-situ meteorological
observations are needed to properly downscale the forecast model. PROSNOW uses a wide
range of existing weather information to deliver a seamless prediction of meteorological and
snow conditions in the partner ski resorts.
Relation with other deliverables
This deliverable is directly based on the meteorological and snowpack model outputs of WP1.
The model outputs have been described in detail in the deliverables D1.2 (Report on the model
chain based on meteorological forecast products) and D1.3 (Report on snowpack modelling of
snow conditions in ski resorts). Further, it relates to elements reported in the deliverable D1.1
regarding the general availability of data and will be reported in the deliverable D1.6 regarding
the real time implementation of model chains.
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2. Snow climatology
Alpine snow cover not only represents a significant geophysical variable in the climate system
but also plays a major role in regulating mountain ecosystems and influences hydrological
regimes.
Climatology-based evolution of snow cover in the ski resorts in La Plagne, Les Saisies,
Obergurgl, Seefeld, Lenzerheide and Garmisch has been analyzed and is presented below.
Snow height measurements gathered by automated weather stations in the ski resorts were
used to analyze the climatological characteristics of natural snow height. Table 1 shows the
location and elevation of the weather stations used. Unfortunately, the periods with snow height
measurements in Livigno, Colfosco and San Vigilio (less than 20 years) are too short to show
a meaningful climatology-based evolution of the snow cover. Snow heights of 14 to 20 years of
measurements have been plotted to show the mean, minimum, and maximum snow height and
the corresponding standard deviation. Figures 2-5 shows the resulting climatological snow
height evolution.
Ski resorts
Les Saisies
La Plagne
Obergurgl
Seefeld
Lenzerheide
Garmisch
Livigno
Colfosco
San Vigilio

Elevation Latitude Longitude Distance to ski resort
(m)
1633
45.76
6.53
1 km
1970
45.51
6.67
0 km
1942
46.87
11.02
0.5 km
1182
47.33
11.18
0 km
1878
46.48
9.41
0 km
2691
46.83
9.81
10 km
1823
47.43
11.06
2 km
Not enough data to show snow height evolution
Not enough data to show snow height evolution
Not enough data to show snow height evolution

Duration
1999-2018
1999-2018
2003-2017
2003-2017
2004-2018
2004-2018
1998-2018

Table 1: Locations of the weather stations in the different ski resorts.

The principal shape of the climatic snow height curves with an onset of snow cover in autumn,
maximal snow heights between February and late April and melt out in the spring is similar for
all stations. However, geographic (Fig. 1) and topographic settings of the respective stations
and the succeeding regional and local meteorological patterns (most importantly amount and
timing of precipitation and air temperatures) have a huge impact on the detailed characteristics
of typical snow height evolution. For example, the length of the snow seasons at the highest
station Weissfluhjoch (early autumn to June/July, Fig. 3) is much longer than at Seefeld
(November to April, Fig. 4) and mean maximum snow depth above 2 m face around 0.5 m at
Seefeld. An example nicely illustration the importance of snow falls amounts attributed to
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geographic position are the stations Garmisch (Fig. 5) and Arosa (Fig.3) that are both on a
similar elevation. Garmisch, however, is located in the windward side of the Northern Alpine
ridge which is rich in precipitation and Arosa in the protected shade of the inner Alps resulting
in a rather dry climate: While Garmisch is characterized by maximum snow depths of up to 3 m
(mean about 2m) only up to 2m (mean 1 m) are usually measured in Arosa.
Besides these remarkable differences between stations we also need to mention the large
variability of snow heights and snow cover timing and duration between single years at each
location. Figures 2-5 illustrate this variability by showing mean, maximum and standard
deviation of snow height for each time step.

Figure 2: Statistics of natural snow height evolution from 1999 until 2018 for the French ski resorts La
Plagne (left) and Les Saisies (right). The mean (dark blue), minimum, and maximum snow height (blue)
and the corresponding standard deviation (light blue area) are plotted.

Figure 3: Statistics of natural snow height evolution from 2004 until 2018 for two locations close to the
Swiss ski resorts Lenzerheide: Arosa (left) and Weissfluhjoch (right). The mean (dark blue), minimum, and
maximum snow height (blue) and the corresponding standard deviation (light blue area) are plotted.
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Figure 4: Statistics of natural snow height evolution from 2003 until 2017 for the Austrian ski resorts
Seefeld (left) and Obergurgl (right). The mean (dark blue), minimum, and maximum snow height (blue) and
the corresponding standard deviation (light blue area) are plotted.

Figure 5: Statistics of natural snow height evolution from 1998 until 2018 for the German ski resort
Garmisch. The mean (dark blue), minimum, and maximum snow height (blue) and the corresponding
standard deviation (light blue area) are plotted
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3. Sub-monthly and Seasonal Forecast
In order to run snowpack models for the pilot ski resorts, seasonal forecast (SF) model outputs
need to be downscaled and adjusted. Indeed, the resolution of operational SF models is too
low (1° horizontal resolution for Copernicus Climate Change Services -C3S- products) to
directly use their output as forcing for the snowpack models. This is because the model grid
point does not have the same elevation or radiation exposure as the true local setting in the ski
area. In addition, the output of SF models is only at daily or 6-hourly time scale. This requires
time disaggregation for use in snowpack modelling, which is usually fed by hourly resolution
time series. Furthermore, SF models are known to have a significant bias that could disrupt
downstream applications such as snowpack models, thus their outputs need to be corrected
before their employment. We explain here the treatment we have computed on raw seasonal
forecast data, in order to make them usable for snowpack modelling.
2.1 DATA
The seasonal forecast data come from Météo-France’s operational model (MF-S6, a model
from the C3S multi-model ensemble). Model data are available for a past period (1993-2016,
hindcast period) and for forecast periods (after 2017). Data are available at 1° horizontal
resolution, each 6h for instant variables and 24h for fluxes (precipitation, radiation...). The
ensemble is made up of 25 members over the hindcast period, and 51 for the forecast period
(after 2017).
Meteorological data from Meteo-France CEN come from SAFRAN-NIVO reanalysis (Durand et
al., 2009). They consist of hourly meteorological variables required to run CROCUS, and are
available for the period 1958-2019. The meteorological data from the other modeling teams
(UIBK, SLF) come from several meteorological stations from National Met Services networks,
in the vicinity of the involved ski resorts. They generally cover the 1993-2018 period (or a shorter
period), and contain at least precipitation and 2-meter temperature data.
2.2 Quantile mapping correction
Methodology
The correction consists in applying a quantile mapping (QM) adjustment on SF outputs, used
in previous projects such as EUPORIAS. For each spatial point of interest, the time series of
model data on which the correction is applied comes from the forecast at the nearest grid-point
of SF.
The procedure requires the identification of quantiles of both observed and modelled data. Daily
quantiles are calculated using a 31 day sliding window centered on the day under consideration.
For example, for a specific day, observational quantiles are calculated on 24 years * 31 days =
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744 data points. The corresponding quantiles of model data are calculated on the hindcasts on
the basis of 24 years * 31 days * 25 members = 18600 data points.
The quantile mapping adjustment is applied on daily precipitation and 6-hourly temperature. In
practice, a raw forecast is positioned in the forecast distribution. The corrected forecast
corresponds to the value in the observational distribution. The corrected data are then
disaggregated to hourly time-steps. For temperature, this is achieved using a linear
interpolation between the successive 6 hourly data. For precipitation, the daily accumulation is
spread by random draw with replacement among 5 hours (technique used for an operational
hydrology application at Météo-France).
For the other parameters, time series correspond to the climatological mean values (i.e. for a
calendar date/hour, this is the mean observed value for this date/hour on the N historical values,
N = number of years of the historical dataset)
Application of Quantile Mapping correction
A first round of correction has been computed for all the ski resorts (Les Saisies, La Plagne,
Garmish, Arosa-Lenzerheide, Seefeld, Obergurgl, Colfosco, San Vigilio and Livigno). The SF
hindcast data used to illustrate this report correspond to November as start date (i.e. SF
initialized on November 1st, running for the rest of the winter), so they cover the period from
November to April. Additional start dates will be used in the future. To illustrate raw SF
performance, Figure 6a shows large scale scores (larger score than the Alps; Europe in
general) for MF-S6 precipitation and Figure 6b for MF-S6 temperature (for each grid-point), a
temporal correlation has been calculated between the ensemble mean monthly accumulated
precipitation of MF-S6 and Global Precipitation Climatology Project (GPCP) (Adler et al. 2018)
data.
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Figure 6a: Large scale scores for MF-S6 precipitation.

One can see low predictability for precipitation over Europe at monthly time scale. This kind of
performance is comparable to the performance of any operational model. Anyway, it is
important to notice that these long-range forecasts should be assessed preferentially at
seasonal timescale; some predictability could exist at over 3-month, but not over the 3 months
separately.

Figure 6b: Large scale scores for MF-S6 temperature

After the QM correction, some scores have been calculated on the corrected data. First, we
check if quantile mapping correction is able to correct main biases. Table 2 shows the ratio
between corrected forecasts and analyzed values (monthly mean accumulated precipitation)
for SAFRAN data (263 grid-points over the French Alps). Despite a slight overestimation in
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November, December, January and a more remarkable underestimation in March, the
correction globally provides realistic amounts of precipitation.
Month
Nov
Dec
Jan
Feb
Mar
Apr

Grid-size
263
263
263
263
263
263

Mean ratio
1.2
1.2
1.3
0.98
0.74
1.1

Table 2: Ratio between corrected forecasts and analyzed values (monthly mean accumulated
precipitation)

Secondly, monthly precipitation and air temperature correlation scores have been computed.
In Figures 7 and 8, the interannual correlations between monthly accumulated precipitation and
air temperature forecasts and analysis/observations are plotted, (same as in Figure 6). Each
boxplot represents the correlation spread among the different grid-points for SAFRAN data
(entire French Alps domain, top left), for South Tyrol (top middle), Livigno (top right),
Lenzerheide (bottom left), Garmisch (bottom middle) and for Seefeld (bottom right).

Figure 7: Inter-annual correlation between monthly accumulated precipitation forecasts for: SAFRAN-Nivo
(top left), South Tyrol (top middle), Livigno (top right), Lenzerheide (bottom left), Garmisch (bottom middle)
and Seefeld (bottom right).
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Figure 8: Inter-annual correlation between monthly air temperature forecasts: SAFRAN-Nivo (top left),
South Tyrol (top middle), Livigno (top right), Lenzerheide (bottom left), Garmisch (bottom middle) and
Seefeld (bottom right).

Although corrected forecasts generally have the same performance as raw forecasts, in terms
of inter-annual correlation, by construction they have a distribution consistent with local climate.
Thus, although QM correction doesn’t bring additional skill, it allows to provide usable datasets
for snowpack modelling. By construction the QM technique ensures that the corrected data
follow the distribution of the reference data. In particular the extremes are realistic and the main
biases are removed. These properties are necessary for the data to be used are forcing to a
snowpack model. Anyway, QM applied to each parameter separately could lead to
inconsistency between parameters. This is one of the reasons why we propose the ADAMONT
method.

2.3 Adaption of ADAMONT method for the bias correction and downscaling of seasonal
forecasts.
Beyond the application of the quantile mapping method described above, an alternative more
complex method for downscaling and adjusting is implemented in PROSNOW, namely
ADAMONT (Verfaillie, D. et al., 2017), originally developed for climate projections, in order to
make it applicable to the correction and downscaling of seasonal forecasts.
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The adaptation will allow us to apply the method in order to correct SF data from the MétéoFrance operational model (MF-S6, a model from the C3S multi-model ensemble) and
downscale them to the spatial scale of PROSNOW pilot ski resorts, in order to use the corrected
forecast as local input of snowpack models. With respect to the classic quantile mapping
approach, ADAMONT performs a quantile correction conditioned on weather regimes, thus
each day is treated separately in function of the concurrent weather regime. The overall
adaptation requires the recognition of the peculiar features of seasonal prediction systems, the
identification and attribution of weather regimes on seasonal forecast outputs and a rewriting
of the existing model code accordingly. Each phase is followed by a set of tests and
verifications.
Activities on weather regimes
The method ADAMONT applies a quantile mapping correction (Déqué, M., 2007) to raw
forecast daily data, conditioned on the concurrent daily weather regime, namely one out of four
established recurrent atmospheric patterns of the circulation (Michelangeli, P. et al., 1995). In
particular, the correction on the environmental variables of interest (e.g. temperature,
precipitation) is applied on the basis of correspondences between observed and modelled
quantiles of the same variables that are distinctly identified in function of the concurrent weather
regime. The latter thus operates as indicator of a state of the large-scale circulation that could
impact the statistical properties of environmental variables.
For the PROSNOW activities, on the hindcast period of MF-S6 seasonal forecast system
(namely 1993-2016) on which ADAMONT is calibrated, we identified 4 classic weather regimes
defined over a box covering Atlantic Ocean and Europe on the Z500 field of ERA-Interim
(Michelangeli, P. et al. 1995): NAO+, Atlantic Ridge, Scandinavian Blocking, NAO-. We further
attributed each daily Z500 field of all the runs of hindcast MF-S6 data to the same regimes. To
verify the relevance and opportunity of employing a correction conditioned on the weather
regimes in our applications, we specifically analysed the impact of each weather regime on
precipitation over the 23 French alpine massifs.
As an example of this analysis, Fig. 9 reports the DJF precipitation anomalies computed on
SAFRAN_Nivo reanalysis data (Durand et al., 2009) on the 23 French alpine massifs at two
levels of altitude, namely 900m and 1500m, in correspondence of the 4 classic weather
regimes. We can thus notice how the seasonal averages of precipitation exhibit a remarkable
overall difference on the entire area of interest as well as meridional and zonal gradients in
function of the regimes. This allows us to conclude that, on the study area, a quantile-quantile
correction conditioned on weather regimes could bring some advantage with respect to a
classical quantile mapping applied unconditionally.
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Figure 9: Impact of weather regimes (NAO+, Scandinavian Blocking, Atlantic Ridge, NAO-) on observed
precipitation.

Before the correction is applied, the weather regimes must be identified also on the current
seasonal prediction data to be corrected. Thus, for each starting date and each run of forecast
period, daily Z500 fields of the MF-S6 are uniquely attributed to one of the 4 classic weather
regimes.
Adaptation of ADAMONT
We rewrote part of the original code of ADAMONT in R programming language, after adapting
its structure in order for the algorithm/method to be used to correct seasonal forecasts. In
particular, the code now performs the correction of the following set of atmospheric variables
at daily time step, which is the time step of the SF model output: 2 meters temperature, specific
humidity, rainfall, snowfall, total precipitation (rain plus snow), wind speed, surface pressure,
longwave downward radiation, direct shortwave downward radiation, scattered shortwave
downward radiation. These are the parameters needed as input of the snowpack models.
For each parameter, calendar month and each weather regime, the code identifies the desired
quantiles (deciles or centiles) on both references observed data and model data from hindcasts.
Then it applies the correction on forecasted data.
In PROSNOW applications, as a starting point, we use daily SAFRAN Nivo data as reference
observed data. Following the adaptation of the method for seasonal forecast data, the quantiles
on MF-S6 are separately identified on daily data (merging together all the hindcast runs) for
each starting date.
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In order to apply the correction, the daily forecasted data are treated in the following way:
separately for each run, each day is uniquely attributed to one weather regime. The quantilemapping is then separately applied on each parameter in function of the correspondent
attributed daily regime, the calendar month and the starting date of the forecast.
After the quantile-mapping is applied, the daily corrected data need to be disaggregated into
hourly data. The employed disaggregation technique requires the recourse to an observed
hourly profile chosen among analog days, where “analog” is to be intended in terms of
equivalent weather regimes and similar precipitation spatial pattern.
In particular, within ADAMONT R the research of the analogue days is performed using one of
three possible methods, or options. For the three of them, if we imagine we are looking for an
analogue day for the corrected day t, the first step is to identify all the dates in the reference
dataset where the weather regime was the same of the one of day t in the forecast. After a
group of potential analogue days is found the algorithm proceeds by identifying the best np
analogue dates among them according to the similarity in precipitation spatial patterns.
Similarity is defined according to three options:
1) The highest number of spatial points where precipitation occurs both on the reference
data and on the corrected data. A random sampling is further performed from the dates
with the same score.
2) The highest number of spatial points where precipitation occurrence (both presence
and absence of precipitation) is matched between the reference and corrected data. A
random sampling is further performed from the dates with the same score.
3) The strongest correlation between the precipitation intensities in both the reference
and corrected data.
After a set of analogue dates is found for forecast day t, ADAMONT R proceeds in
disaggregating the daily corrected value of each parameter as linear relationship of the
observed hourly profile of the best analogue date.
An example of application of the correction of daily data by the method ADAMONT is provided
in Fig. 10 for temperatures in December over the hindcast period 1993-2016 for a selected
point of the reference dataset SAFRAN_Nivo. The figure displays the cumulative distribution
function (CDF) of December temperatures for each member (light blue lines) and of the
ensemble, thus all runs together (dark blue) on the closest grid point with respect to the selected
point. After the correction is applied, corrected data are summarized by their corresponding cdf
for each member (yellow lines). We can see how we maintain the variability of the ensemble
while we reconstruct the statistical characteristics of the local climate, represented by its cdf
(black thick line).
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Figure 10: CDFs of December temperatures before and after the correction. Raw ensemble forecast
members (thin light blue), complete ensemble (thick dark blue); Reference dataset (thick black) and
corrected data for each ensemble member (yellow). The analysis is done on a selected point of the
reference dataset SAFRAN_Nivo in correspondence of the ski resort Les Saisies.

A set of verification will follow, in order to more systematically assess the performance of the
ADAMONT method. The method ADAMONT have already been applied to provide corrected
and downscaled data on the same station data as it has already been done with the QM simple.
Thus, we will provide adjusted, downscaled and disaggregated forecast from ADAMONT on
the distinct sites of the ski resorts.
Example for ADAMONT
An example of output of the ADAMONT correction method is provided below for Les Saisies
ski-resort and the time span from November 2012 to February 2013. Figure 11 (left) displays
the corrected and downscaled time series of daily temperature (blue line) and the raw data from
a sample run (run 0) of MF-S6 (black line). Figure 11 (middle) shows the time series of daily
accumulated precipitation discerning between the two phases, namely rainfall and snowfall, for
the same time span and sample run. Since ADAMONT provides corrected and downscaled
data at hourly time steps, Figure 11 (right) shows an example of hourly disaggregated data for
a 48h period between 25th and 26th January 2013, days characterized by intense precipitation
events. The blue curve is the disaggregated hourly temperature and the histograms represent
the hourly accumulated rain/snow precipitation.
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Figure 11: (Left): Corrected and downscaled time series of daily temperature (blue line) and the raw data
from a sample run (run 0) of MF-S6 (black line); (Middle): Time series of daily accumulated precipitation
discerning between rainfall and snowfall; (Right): Example of hourly disaggregated data for a 48h period
between 25th and 26th January 2013. The blue curve is the disaggregated hourly temperature and the
histograms represent the hourly accumulated rain/snow precipitation.

The inter-annual correlation of the monthly mean is computed on ADAMONT corrected data
with respect to SAFRAN-Nivo data (263 spatial points), as previously done in the assessment
phase of the downscaling with quantile mapping. This score assesses whether the inter-annual
variability of the signal present in raw SF data is preserved after the downscaling. Results
presented in Figure 12 are similar to those achieved with quantile mapping: after applying the
ADAMONT method, for November and December the signal visible in the raw SF over the
French Alps is still present in the downscaled data. ADAMONT further achieves a slightly higher
inter-annual correlation than simple quantile mapping during the same two months.

Figure 12: Air temperature after applying the ADAMONT method, for November and December the signal
visible in the raw SF over the French Alps is still present in the downscaled data. ADAMONT further
achieves a slightly higher inter-annual correlation than simple quantile mapping during the same two
months
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4. Hindcast simulations
First hindcast simulations on the snow height evolution were performed using the provided
MeteoFrance data. The data consisted 25 ensembles and were only initialized on November
1st. They were used as input for snowpack simulations using Alpine3D/SNOWPACK for
Lenzerheide (Weissfluhjoch WFJ) and Garmisch (Osterfelderkopf); AMUNDSEN for Obergurgl,
Seefeld and Colfosco; and Crocus for Les Saisies and La Plagne. Model runs were performed
for two winter seasons representing two comparatively extreme cases in terms of snow
characteristics: 2012/13, being a very snow-rich winter throughout the Alps with especially large
snowfalls already in December, and 2016/17, one of the driest winters in the recent years with
many regions receiving almost no snow until the end of the year. There are no climatology data
for Colfosco available, there are no snow height measurements for Seefeld for the winter
2016/17 and not enough data for Livigno.
Figure 13 and 14 show the simulated 25 hindcast ensemble and actual measured time evolution
of snow height for the winter season 2012/2013 and 2017/18. In addition, minimum, maximum
and mean of the climatological measured snow height is shown. The ensemble simulations of
Fig. 13 and 14 show how the wide variability in meteorological conditions translates into a wide
range of snow height values, when meteorological conditions from different years are used.
The range of snow height values increases rapidly with lead-time, so that precisely predicting
snow height values using forcing data, only initialized at the beginning of the season, from the
reanalysis has poor predictive power at the seasonal scale.
Significant differences between the climatological values and the simulated results are present,
due to the initialization with snow conditions potentially widely different from the climatological
mean. This mainly stems from the interannual variability in snow precipitation during the
accumulation period, which is the main driver of seasonal snow variability in the case studied.
Especially, high snowfalls are not captured on the seasonal scale leading to higher bias at the
end of the season. One striking thing is that snow ablation seems to be underestimated (too
late, too slow) by the hindcasts in relation to measurement and climatology (both seasons for
Obergurgel, and season 2016/17 for Les Saisies; for WFJ the extracted hindcast period was
too short to capture melt season).
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Figure 13: Simulated 25 hindcast ensemble and actual measured time evolution of snow height for the
winter season 2012/2013. In addition, minimum, maximum and mean of the climatological measured snow
height is shown. There are no climatological data for Colfosco available.
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Figure 14: Simulated 25 hindcast ensemble and actual measured time evolution of snow height for the
winter season 2016/2017. In addition, minimum, maximum and mean of the climatological measured snow
height is shown. There are no climatological data for Colfosco available and no snow height
measurements for Seefeld.
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5. Discussion and Conclusion
The current study addresses the predictability of snow conditions in mountain regions, providing
quantitative insights into how downscaled seasonal forecast are created and performs, how
current snow conditions and subsequent meteorological conditions influence the unfolding of a
given snow season. To this goal, a prediction system was built, consisting of an ensemble of
numerical simulations performed with the detailed snowpack models Alpine3D/SNOWPACK,
ADMUNSON and Crocus, fed by a combination of meteorological conditions and compared
with observations. It was found that the current seasonal forecast system keeps an interest with
respect to reanalysis until a few weeks after the prediction date.
Two comments can be made in this regard. First, this result highlights the importance of the
initialization, since the snowpack can keep memory of its past state for several days. Second,
this result also indicates that, regardless of the initial conditions and the date of the prediction,
meteorological conditions are the main driver for snow conditions in mountain regions beyond
a lead-time of a few weeks. This is not surprising but quantitatively demonstrates that mediumrange predictions of natural snow conditions will mostly improve through improvements in
meteorological forecast.
First results have already been presented at the ISSW in Innsbruck, 2018, (‘Combination of
Climatological Information and Meteorological Forecast for Seamless Prediction of Alpine Snow
Conditions’). Several additional developments are currently in progress to corroborate and
refine the results of this study. First, evaluation of real-time sub-monthly forecasts (from four
days to one-month lead time) haven’t been done, yet. Second, snow management practices
(grooming, snowmaking) will be explicitly accounted for in the snowpack simulations (Hanzer
et al., 2018), to represent the actual state of the snow on the ski slopes. And third, daily
measurements of water consumption for snowmaking and snow height on the ski slopes will be
integrated into the chain to adjust the snow conditions at the initial step of the prediction to field
observations.
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