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ABSTRACT
To support the avalanche warning services of the ÖBB-Infrastruktur AG and other regional avalanche warning services we are developing a 

statistical avalanche model. Statistical methods are used to determine the avalanche danger in scientific studies over decades. The objectives 

are either estimating the avalanche danger level or estimating the probabilities of avalanche releases. 

This study uses the danger levels of the counties Tyrol and Salzburg (Austria), the weather data from a nowcast tool, the snow data from a 

snow model, and topographic data. A support vector machine is trained with data from 2016-01 to 2022-05. Examples are shown using test 

data which were not used for the training (from 2022-11 to 2023-05). 

The model development is ongoing. It is planned to use weather data from numerical weather prediction models to make forecasts for the 

next days. Additional target variables will be implemented.     

INTRODUCTION
The ÖBB-Infrastruktur AG manages the Austrian railway infrastructure and operates an avalanche warning service during winter season. The 

aim of the ÖBB avalanche warning service is to maintain avalanche safety and avoid damages to railways by assessing the local avalanche 

danger. In addition to the existing local knowledge and experience also data from the regional avalanche warning services are used. To 

support avalanche warning services we are developing a statistical avalanche model. 

Statistical avalanche modelling is a mathematical and data-driven approach to understand and predict the occurrence of avalanches in specif-

ic areas (McClung, 2000). It involves the use of statistical techniques and models to analyse historical data, meteorological information, and 

snowpack characteristics for estimating the probability of the occurrence of avalanches in the future. The model output supports avalanche 

forecasters and researchers making informed decisions about avalanche risk assessment and mitigation strategies (Buser et al., 1985; Föhn, 

1998).

Avalanche hazard assessments with statistical methods started in Switzerland in the early 1980s with discriminant analysis on pre-classified 

data and nearest neighbour algorithms (Obled and Good, 1980). Davis et al. (1999), Terada et al. (1992) and Kleemayr et al. (2000) introduc-

es regression and classification trees and fuzzy logic for avalanche warning. Some variants of nearest neighbour have been developed by 

Brabec and Meister (2001), Gassner and Brabec (2002), and Purves et al. (2003). Pozdnoukhov et al. (2008) used support vector machines 

and Stephens et al. (1994) were first who fitted neural networks for estimating avalanche hazards. 

Statistical avalanche forecasting methods are either focused on predicting the avalanche danger level (Schirmer et al., 2009) or predicting the 

probability of the occurrence of snow avalanches in a predefined area (Purves et al., 2003). All approaches use meteorological data from 

automatic weather stations or from downscaled numerical weather prediction models. Additionally, the current snowpack conditions, terrain 

features and historical avalanche data are used by such models. 

Machine learning algorithms which are used by artificial intelligence identify the relevant features of the input and learn to find patterns and 

relationships between these variables and avalanche data (Schirmer, 2010; Fromm and Schönberger, 2022). 

METHODS
This study uses avalanche warning levels from 2016 to 2023 from the avalanche bulletin of the counties of Salzburg and Tyrol (Austria) as 

target variable. The avalanche bulletins are available in the CAAML format version 5 and 6 (Haegeli et al., 2010). The avalanche warning 

levels are extracted from the bulletins for each sub-region and elevation range. The avalanche data was transferred to a 1x1km grid in order 

to link it with the weather data (Table 1).

The weather data come from the nowcast tool INCA (Haiden et al., 2009) and the snow depth data from the snow model SNOWGRID (Olefs 

et al., 2013). Both data sets are available on a 1x1km grid and are provided by the national weather service Geosphere Austria (Table 1). 
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Table 1. Overview of the data sets and their parameters.

The data are standardised by subtracting the means and dividing by the standard deviations. A support vector machine (Platt, 1999) with 

a radial basis function as kernel was used.  The primary goal of SVM is to find the optimal hyperplane that best separates the data points 

of one class from another in a high-dimensional space. The distances from the data points to the hyperplanes are used for quantification. 

The model is trained with data from 2016-01-01 to 2022-05-01. The following data served as test data (from 2022-12-07 until 2023-05-01).

RESULTS AND DISCUSSION
The results are estimates for the avalanche warning level on a 1x1km grid for each time step. Figure 1 compares the model results with the 

avalanche bulletins for the 2023-01-24. In the western part of Tyrol the modelled areas with danger levels 1 and 3 are like the bulletin. In 

the eastern part of Tyrol the areas with danger level 1 correlate well, but the danger level 3 at higher altitudes (bulletin) is underestimated 

by the model by one level. In the county of Salzburg the patterns of the modelled areas are similar the bulletin, but a few areas close to 

the main ridge of the Alps are underestimated, too. Outside the study area the differences between the model results and the bulletin data 

are higher which indicates that limitations exist for distributing the model spatially. During further development, a balance must be struck 

between overfitting to the training data and the transferability of the model.

Figure 1. Map from 2023-01-24 of an estimated avalanche danger level (a) and a map of the bulletin data (source: avalanche.report) (b).

The second example compares the avalanche danger levels on 2022-12-24 (Fig. 2). The danger level four in the western part of Tyrol was 

not predicted by the model. However, the decreasing danger levels towards the east was estimated by the model. At the current stage of 

development, the frequency of the warning levels in the training data is not taken into account. Warning levels 1, 2 and 3 occur more fre-

quently in the training data than warning levels 4 and 5. We have planned to reduce the number of data entries with warning levels 1, 2 

and 3 and increase the number of data entries with 4 so that the model can learn more about warning level 4. As warning level 5 occurs 

very rarely, the model will always have difficulty learning this level. However, warning level 5 is associated with very large amounts of new 

snow, which seems to be easy for the model to learn.

Both examples contain variations over 3 warning levels in the study area. This means that there were strong differences in meteorological 
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conditions across 300km. The model in its current state of development could recognise these conditions well, which suggests promising 

further development. The topographic patterns are represented well in the model results and spatial trends demonstrate that the meteoro-

logical variables are accurately considered. Subsequent analyses should compare calculated and observed temporal trends. 

Figure 2. Map from 2022-12-24 of an estimated avalanche danger level (a) and a map of the bulletin data (source: avalanche.report) (b).

CONCLUSIONS
The study demonstrated an approach to estimate the avalanche warning level on a 1km grid using meteorological data from a nowcast 

tool, snow data from a snow model and topographic data. The model was trained with historical avalanche data extracted from avalanche 

bulletins for two counties Tyrol and Salzburg in Austria. 

In principle the pretrained model can be applied to other regions which could be one topic of further development, but a balance between 

transferability and hit rates must be optimized. Meteorological data from numerical weather prediction models could be used as input which 

would produce forecasts of the avalanche danger level with a high spatio-temporal resolution. Additional target variables can extend the 

model, which would also increase user acceptance. Finally, a feedback from decision makers in operational services is required, because 

the overall goal is the improvement of tools for avalanche warning. 
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