
ESTABLISHING CHARACTERISTIC HAZARD TRIGGER PATTERNS 
FOR IMPACT EVENT OCCURRENCEA10

ABSTRACT
Natural hazards like mass movements are amongst the most devastating damage-inducing processes worldwide. Associated risk levels are 

especially high in mountainous areas like the European Alps. As climate change increases the number of extreme events that potentially 

trigger such hazards, it is crucial to identify changes of weather sequences that lead to hazardous impact events. This study is devoted to 

the objective determination of so-called Hazard Trigger Patterns, which describe the conceptual weather development before impact event 

occurrence. We link registered impacts from various data sources with gridded meteorological data by dimensionality reduction across the 

time dimension. Here we showcase the applicability of the method by focusing on the hazard category ‘mass movements – slides and flows’ 

in the Austrian region ‘East Tyrol – Carinthia’ and perform analyses for each season. The main finding is the distinctiveness of derived Haz-

ard Trigger Patterns tied to each season.

INTRODUCTION
Extreme weather events and related natural hazards pose a major threat to people and elements at risk around the world (Fuchs & Thaler, 

2018). It is scientific consensus that climate change causes an increase in both frequency and intensity of extreme weather events (IPCC, 

2021; Feyen, 2012). Consequently, this development entails a rise in associated natural hazard events (EEA, 2016), with high-mountain areas 

(Hock et al., 2019) and mountainous regions such as the European Alps (Kotlarski et al., 2022) being particularly affected. This constitutes 

major challenges in the fields of civil protection and disaster risk reduction.

Changes in the occurrence of weather sequences that trigger hazardous impact events are an important basis for the assessment of future 

hazard potential. Commonly, the identification of weather conditions triggering impact events is done (semi-)subjectively based on expert 

knowledge through the definition of certain thresholds, e.g., precipitation thresholds for a number of days until the considered hazard 

event takes place (e.g., Guzzetti et al., 2008). In this study, we employ the approach presented in Enigl et al. 2019 to describe these weath-

er conditions through characterising the weather development before an impact occurs.  In essence, the analysis is based on multivariate 

dimensionality reduction applied to meteorological time series preceding an impact event. For the latter method, however, available data 

must meet specific requirements. 

As extreme events are rare, data should be of high spatio-temporal density and quality as well as stretch many decades back in time to 

allow for a robust statistical assessment. The temporal extent is of outstanding importance because three decades, e.g., are already required 

for robustly determining climate (WMO, 2017). Hence, describing rare events far off the average requires substantially more observations. 

Unfortunately, the prerequisites concerning long-term information on both weather observations and documented impact occurrences are 

rarely met. Therefore, it is important to establish a solid data basis of documented hazardous impact events from various data sources allow-

ing for statistically robust analyses. We consider impacts as damage-inducing natural hazard events. Subsequently, it is necessary to create 

a relationship between potential meteorological triggers and the occurrence of an impact. Identified conceptual triggering sequences are 

termed Hazard Trigger Patterns (HTP). In this study, particular attention is paid to impact events caused by gravitational mass movements, 

i.e., slides and flows.
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DATA AND METHODS
Compilation of the impact inventory

In Austria, information on impacts induced by different meteorological processes and natural hazards is collected by a variety of institutions. 

However, each of these agencies collects data based on their area of responsibility. While for some institutions precise information on date, 

location and the inducing hazard process is of central importance, this information plays only a subordinate role for others. Thus, harmoni-

sation is often necessary before merging data from multiple sources. Within this study, we employ the framework of data harmonisation as 

applied in the Austrian event and damage database CESARE (Themessl et al., 2021) that provides a consistent database including date and 

location for impact events, categorized into 10 process types.  Here, we illustrate the approach at the example of the process type ‘mass 

movement (slides and flows)’ in the Austrian region ‘East Tyrol -Carinthia’ (‘ET-C’), located in the Eastern European Alps. Impact data for 

this region are retrieved from the Wildbach- and Lawinenkataster (WLK) operated by the Austrian Torrent and Avalanche Control as well as 

from the GEORIOS impact event database of GeoSphere Austria.

The gridded meteorological data used in this study is the SPARTACUS dataset (Hiebl and Frei, 2018) comprising daily precipitation totals with 

a technical spatial resolution of 1 km over the Austrian territory and South Tyrol. It is based on quality-checked weather station observations 

and covers the period from 1961 up to the present day.

Both meteorological as well as impact data are considered in the period from 1961 to 2021.

Derivation of Hazard Trigger Patterns 

The objective determination of HTPs is based on the intersection of impact data and meteorological data. For their derivation, both event 

time and location (point localisation) must be available for every registered impact event. The first step consists of identifying the nearest 

grid cell in the gridded meteorological data set for each event separately. Subsequently, we compute the mean of this grid cell and its four 

adjacent neighbours for the day an impact event was recorded as well as the preceding week. Resulting information is stored in an n x 8 

matrix, with n being the number of impact events included in the analysis and 8 stemming from the investigated time window (day of im-

pact and the preceding week). We then perform an Empirical Orthogonal Function (EOF) analysis along the impact event dimension (n), 

yielding orthogonal patterns that maximise explained variance of precipitation sequences preceding impact events. HTPs are defined as a 

truncated set of EOFs, obtained after applying North’s rule of thumb for EOF significance (North et al., 1982), which represent conceptual 

triggering sequences leading to impact events.  

We validate our approach through extensive resampling strategies, i.e., bootstrapping and k-fold cross validation. 

The general workflow for the calculation of HTPs can be summarized as follows:

•	 determining plausible predictors for the investigated hazard type;

•	 blending meteorological  and impact data, i.e. setting up a matrix consisting of n rows for n events and 8 columns representing daily 

precipitation totals in this case at the event’s location on the impact event day and the preceding week;

•	 conducting the EOF analysis;

•	 extracting a subset of significant EOFs for the chosen predictors (here: daily precipitation), i.e. the Hazard Trigger Patterns.

The whole workflow is implemented via Python, notably utilizing the eofs package.

To investigate potential seasonal effects, we derive HTPs separately for each season. Therefore, we conduct a total of four different EOF 

analyses along the impact dimension which yield four distinct HTPs dependent on the respective season.

RESULTS AND DISCUSSION
Exemplarily, resulting HTPs are illustrated for the hazard category ‘mass movements (slides and flows)’ in the seasons spring and autumn. 

Hazard Trigger Patterns for mass movements in East Tyrol - Carinthia during spring

Figure 1 shows the result for the hazard category mass movements in the region ‘East Tyrol - Carinthia’ (subfigure 1a.) during spring (March, 

April, May; MAM). The right subfigure in the upper row (subfigure 1b.) depicts the distribution of the accumulated 8-day precipitation totals 

before event occurrence (including the event day), for all 145 registered events in the considered season. The majority of events feature an 

8-day-precipitation sum between 10 and 30 mm. The lower left panel (subfigure 1c.) shows the three leading EOFs, i.e. the identified Hazard 

Trigger Patterns. EOF1 (blue) has an explained variance of nearly 26% (subfigure 1d.) and is characterized by a continuous precipitation 

decrease until two days prior event occurrence (target day (‘TD’)-2), thus indicating some antecedent precipitation. At TD-2 the precipitation 

increases again until the event day. The second leading EOF, explaining a variance of 18%, exhibits a rather different precipitation develop-

ment. Starting with high values one week before the event, precipitation decreases on TD-5 before rising again. The following decrease from 

TD-4 to results in a minimum on TD-1, before increasing again on the target day. EOF3 with an explained variance of 16% is characterized 

by pre-moistened conditions in the first half of the preceding week.  Starting on TD-3, precipitation amounts show an increase up to the 

event day. 
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Figure 1: Hazard Trigger Patterns for slides in East Tyrol – Carinthia (‘ET-C’) for MAM. a.: location of the study area; b.: pre-event precipitation totals; c.: conceptual precipitation development 

of the HTPs; d.: explained variance of the EOFs.

Hazard Trigger Patterns for mass movements in East Tyrol – Carinthia during autumn

Figure 2 refers to the outcomes during the autumn months September, October and November (SON). Results indicate that the majority 

of events feature an 8-day precipitation sum before the event of 50 to 100 mm (see upper right panel, b.). Compared to spring, pre-event 

precipitation totals for the same process type are higher in autumn. EOF1, which explains 28% of the variance, reveals pronounced pre-mois-

tening conditions and is thus indicative of high precipitation amounts from day 6 to day 1 prior the event (subfigure 2c.). On the target 

day, however, precipitation decreases sharply. EOF2, featuring an explained variance of 16%, is characterized by two peaks before event 

occurrence. The week before event occurrence starts with wet conditions before precipitation reaches its minimum on day 5. Subsequently, 

the curve rises steeply and arrives at a maximum on day 2 before falling again. At the event day, precipitation amounts increase again, albeit 

only slightly. EOF3 indicates less precipitation in the first half of the precedent week and rising amounts from day TD-3 to TD-1, with a 

pronounced peak on the day before event occurrence. On the event day itself, however, the curve is decreasing. 
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Figure 2: Hazard Trigger Patterns for slides in the target region East Tyrol – Carinthia (‘ET-C’) for SON. a.: location of the study area; b.: pre-event precipitation totals; c.: conceptual precipi-

tation development of the HTPs; d.: explained variance of the EOFs.

Results for summer (not shown) exhibit higher 8-day precipitation sums than those for spring and autumn and indicate pre-moistening 

conditions in the first half of the week prior to event occurrence in all three leading EOFs. Findings for winter, on the other hand, illustrate 

lower 8-day precipitation sums and less pronounced pre-moistening conditions in the first leading EOF which features an explained variance 

of 37%. 

Overall, our findings indicate substantial differences in conceptual Hazard Trigger Patterns between seasons, with pre-moistening playing 

a crucial role in all seasons.

It should be noted that the precipitation information is directly tied to the spatial and temporal location of impact event occurrence. This is 

particularly relevant when discussing results of other, larger-scale phenomena such as floodings. Depending on event genesis, it is possible 

that triggering precipitation may be obfuscated by shifts in space or time. For instance, precipitation maxima may not occur directly on the 

event day at the considered location, but either some days before or over some upstream catchment. This limitation needs to be considered 

65CONFERENCE PROCEEDINGS | INTERPRAEVENT 2024



carefully when interpreting HTP results, especially for large-scale hazard types. Phenomenologically, it would be more precise to consider 

the precipitation over the catchment area of the river under investigation. The approximation via retrieving precipitation information at the 

event location fits better for small-scale torrential processes and rather local events such as landslides. However, while the SPARTACUS data 

set used here provides a solid base in terms of long-term consistency but is based on weather station observations only, the main draw-

back of this gridded dataset is the that small-scale or specifically convective precipitation may not be accurately captured. Consequently, 

the choice of the underlying meteorological data set is often a trade-off between long-term consistency (with longer time series making it 

possible to include more impact event data) and shorter data sets where additional information like radar data has been assimilated (and 

thus providing a better representation of heavy rainfall events).

CONCLUSIONS
The main finding of this study is the uniqueness of the derived Hazard Trigger Patterns tied to each season, with pre-moistening playing an 

important role in all seasons. However, outcomes are dependent on the underlying data. Results presented here are based on the SPART-

ACUS gridded observation dataset. Using SPARTACUS has the advantage of being consistent over time, as only station data that meet strict 

quality criteria are ingested. However, this means that local extremes that occurred between two station locations are not included in the 

data set, causing a certain bias towards underestimation of extremely heavy precipitation. 
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