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1 Introduction ﬂ Conclusions and outlook \ 6. 2-D Bayesian analysis

Debris flows represent a severe hazard in Alpine countries and can pose a threat to lives
and values at risk. Previous studies have shown that debris flows are mainly controlled by » The current dataset has to be extended into a representative and non-biased data base to Instead of interpreting singular propositions for _= © i i
climatic factors (e.g. Stoffel et al. 2013). better examine possible seasonal shifts and the influence of precipitation on debris flow A with respect to evidence B it is advisable to =

In Austria debris flows are mostly initiated by either intensive, localized thunderstorm magnitude use the information gained from computing :;

events or long lasting low-pressure systems (advective precipitation). This leads to the > The one-dimensional Bayesian analysis showed high impacts of event rainfall, the posterior probabilities to combine parameters °

need for a better understanding of the causal relationships of parameters connected to relationship is especially true for large deb.ris ﬂOW_S: . | | of interest for different characteristics.
precipitation. Furthermore, the identification of such meteorological trigger conditions is > Due to the very heterogeneous topographic conditions in Austria and thus the high

of high interest (Gobiet et al., 2013) for improved forecasting of debris flow hazards and variability of.precipitatic.)n, the ma.in signals are.hard FO cate.goris.e. _ | By doing so it is possible to obtain the
estimation of potential impacts due to climate change. In this study we connect a large > Two-dlmen5|or\al Baye5|an analy5|s'helped togive a f'rSt estimation of the dimensions as well conditional probabilities for a space defined by
data base of past debris flow events with daily rainfall and temperature data to investigate as the categories which are the main factors in debris flow initiation two criteria.

trigger conditions and assess possible temporal variations in the frequency of occurrence.
For each event we investigate daily rainfall data of all meteorological stations and choose
that nearest station which recorded reliable data before and during the day of debris-flow

occurrence.
Is it possible to find patterns in meteorological data to get a rough idea about effects

on debris flow initiation?
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Next step: Analysis of clustered regions of homogenous precipitation and identification of
\ individual regional thresholds.
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2. StUdy aread and data If different debris-flow magnitUdes dare TwodimensionalBayesianD;;\aatilc;/:i[sd?i/:t]Jalisingthe conditional
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* The study area consisted of all debris flows occurring in the republic of are even more pronounced. ggj}t-ffgc-l)‘;i;tinigyh‘b°ti Iggarith:ﬁic)thtehcczr]:ditilo:alp:obablili%cyis

Austria from 1900 until 2008, which are indicated by the red hexagons in the
map on the right.

* |n total, 2412 documented debris flow events and data distributed over a
region of approximately 80,000 km? were available for investigation.

A worldwide unique hazard-database (IAN) was merged together with two

In combination with rainfall intensities, there is a clear pattern in favour of
advective rainfall as the main factor for debris flows in Austria.
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datasets with daily precipitation data. The provided datasets consisted of e _\ Sl OB - & O® a2 Q6% 2 |
2412 debris flows and a total of 1649 meteorological stations. ot i " ra i< g | i 5. 1-D Bayesian anaIyS|s SR o ;
* 220 ZAMG and 233 eHYD Stations could be selected for the analysis of 2335 B0 e o B Qieast) I &8 @y £ L g
of the 2412 debris flow events. Legend N R iRe, .0 S o o | Because no significant shifts could be detected, |
® Debris flows > the whole dataset was analysed to detect the “‘Z N
. . . . . . @ Selected stations eHyd lllustration of all events and the significant parameters  with regard to o Ev.emm"[ml _ BRainfallduration Evema"[mm]. —
553 meteorological stations were used for investigating 2335 debris flow events d meteorological stations considered T d debris fl ]
i ® Selected stations ZAMG e I ilometres precipitation and debris tlows. |1
occurring from 1900-2008. 0 25 50 100 150 200 2os) | 2 ool
— For all 2412 events the cumulative precipitation — o pga
- oy - T N . . . . . . was plotted and the start and end of the rainfall o BReinfollintensity .
° Precipitation data was first analysed to prepare the dataset éw N N d General pOtential Sh|ft5 in debriS ﬂOW i Large Scale dEbriS ﬂOWS are maore I|k€|y detection algorithm (Bert| et aI 2012) COUId be EDZ
for investigation of potential climatic shifts in the o . ocurrence were analysed through kernel to be triggered by long-term advective trained to find typical triggering event rainfalls R YN I
occurrence of debris flows (Stoffel et al., 2011). e peee density estimation (KDE). precipitation. (TER) in the whole precipitation dataset. B-Antecedeqt Rainfall 15 days
e The data was homogenised’ seasonal maxima’ and minima MaxirT\DungE)N E)g?eciﬁ;igjfuﬁﬁtio?(an;ial am\ﬂ;erage) * There is a pr0b|em with data th|nn|ng ¢ It is difficult to prOVide d general go:s’- ] go.o.w—
computed to detect overall trends. ' | when. looking at long-term hazard statement for the whole area. Variability This helped to aqgcuire substantiated values for I
° Statistical measures Of tendency were used to investigate ' Inventories (MUdElsee et al., 2003) iS h|gh and t|me Series as WE” as dEbriS the total amount Of TER-eventS W|th|n the """"""" 1% 150 2
. . . . B=Antecedent Rainfall 30 days
30-year shifts in precipitation and debris flow data (3 x 30yr | * Shifts in the seasonal occurrence (mean considered time frame. 5 e Y e
windows). : Julian day) were analysed but no T
 For investigation of precipitation thresholds an algorithm significant changes could be detected. By classification of potential TER, actual TER LA
provided by M. Berti (Berti et al. 2012 ) was provided and ) e e s e o and threshold classes, Bayes’ theorem could be L e
. . . . 1 o g “ ] (black bars), occurrences (red - Omg o : One dimensional Bayesian analysis considering event rainfall
adaptEd to the MatLab routines USEd n thls prOJeCt E ® _: gzass)i:yngs%f;:i;f): I(<be;:'anc(i<lline) :_0'01§ 119 applled: (cumulated rainfallgveradefinid precipitatioi event), duration,
N ; ¢ - 0 — — 0 107 intensity and two lengths of antecedent rainfall
* AnteCEdent preCIpItatlon was CompUted for two ranges (15 : i ' ¥ . o e R e T N The figures on the left show prior probability P(A) (blue), marginal
o § | L 4 ? ] | | | ‘ | | . . bability P(B) ), and conditional probability P(B|A) of observi
and 30 days). Bb 1S T p(a5) = DEAIP(4) o e Bt S R e T
oL ‘ ‘ . . ) §1 — Analysis of seasonal shifts ] B P(B) the right show conditional landslide probability. Uncertainties are
Intensity-duration diagram " g - | calculated from the 95% confidence intervals from Poisson counting
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| errors (Number of debris flows).

. . . |
(circles: black= total rain, blue = event rain, | |

There is a cIeaf trend for s.or.ne,.but. nof ff)r all precipitation o o e e o meam of 5 Significant shifts in debris flow occurrence could not be detected. This is probably due to the Long-tc.er.m. ar.1teced.ent rainfall.has the.highe:::t.influence on debris flow
signals. Precipitation is difficult. and 55 precentile, red = 90%) high variability of the characteristics of precipitation because of scale and orography. initiation, rainfall duration and intensities are key factors.
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