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Abstract. Extreme precipitation events have significant en- on the precipitation data sets of Greece appears in the west-
vironmental consequences because they may cause considern and southern-eastern regions, especially during the last
able damages to urban as well as rural areas. The aim of thidecade 1991-2000, indicating the incidence of extreme daily
work is to construct a threshold model which will describe precipitation.
the exceedances over a threshold for the daily precipitation As far as the temporal variability of precipitation and ex-
totals over Athens, Greece. The data used are daily precipitreme events in the Athens province is concerned, a lot of
tation totals recorded at the National Observatory of Athensresearch has been fulfilled by using precipitation data sets
for a 115-year period (1891—-2005). recorded in the National Observatory of Athens (NOA) (Kat-
The generalized Pareto distribution is considered as theoulis and Kambezidis, 1989; Amanatidis et al., 1993; Pali-
proper distribution for the study of the exceedances. Theatsos et al., 2005; Nastos and Zerefos, 2007). Changes in the
threshold ofu=15.8 mm (10% upper limit) is used for the frequency of precipitation events, or in the intensity of pre-
construction of the optimal return level function. cipitation, or both, assign the variability of the total precipi-
tation (Nastos and Zerefos, 2007). However, extreme precip-
itation is difficult to reproduce, especially for the intensities
1 Introduction and patterns of extreme events, which are heavily affected
by the local scale (IPCC, 2001). For this reason, it is nec-
Precipitation is the most changeable, of all climatic param-essary to study these events by analyzing long time series of
eters, in time and in space. There is a need to analyz@bservations.
precipitation variability, for assessing possible adverse im- The goal of this study is the construction of a threshold
plications concerning precipitation rate, soil erosion, floodsmodel that describes the exceedances over a threshold for
and droughts. The frequency of heavy precipitation eventghe daily precipitation totals over Athens area. The main dif-
has increased over most land areas, consistent with warminficulty in the statistical analysis is the dependence among the
and observed increases of atmospheric water vapour (|PCC§j,aI|y observations which make the statistical theorems non
2007). valid because they assume independent observations. How-
With respect to the precipitation variability in Greece a lot ever, this dependence is short-term in the sense that daily ob-
of studies have been carried out (Repapis, 1986; Katsouli§ervations separated by sufficiently large interval of time are
and Kambezidis, 1989; Amanatidis et al., 1993; Metaxasconsidered approximately independent. Thus, with practical
et al., 1999; Houssos and Bartzokas, 2006; Pnevmatikog@pplication in mind, itis usual to assume a condition that the
and Katsoulis, 2006; Feidas et al., 2007). Nastos and ZereeventsX; > u and X; > u are approximately independent,
fos (2008) in a more recent study, found that increased variprovided that the threshold is high enough, and the time

ance and scale parameter of the fitted Gamma distributiongointsi andj are far enough apart. It becomes apparent that
in order to construct a valid return period function for daily

q observations, we must firstly construct a proper exceedance
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Table 1. Main statistical features of the data for different values of the threshold.

Thresholdx ny ne mean sd skewness
(mm) (exceedances) (clusters) (mm) (mm)
20% 9.1 1605 1215 19.95 13.77 4.15
15% 11.8 1215 981 23.02 1454 4.11
10% 15.8 814 692 2769 157 4.0
5% 43.9 79 76 63.67 26.1 2.61
Total - 5.79 9.58 4.86
2 Data and methodology 3 Results and discussion

In this study, the daily precipitation totals recorded at NOA The choice of- is an important task. Smatl may leads to
for a 115-year period (1891-2005) were used. This time sedependence of the excesses while largeay leads to loss
ries of NOA (Longitude: 233 E, Latitude: 3758 N, Alti- of information. Since the phenomenon of precipitation has
tude: 107 ma.m.s.l.) is the longest available record of dailyshort memory, in the sense that the dependence of two pre-
precipitation totals in Greece. Its analysis aims at the detercipitation events decays rapidly over time, in our study we
mination of the appropriate threshold for extreme precipita-consider=4 as the smallest number of days which determine
tion events. independent precipitation events. Thus the above procedure
The return period function is studied with the help of the Provides us with a sample of independent exceedances. From
generalized extreme value (GEV) and the Pareto distribuEd- (1) above the influence of the choice of the threshold is
tion. The use of these distributions for the analysis of ex-Obvious. Therefore we select the 80%, 85%, 90% and 95%
treme events is justified from some classical theorems fronflaily precipitation total over the total time series. The param-
Extreme Value Theory (Gnedenko, 1943; Gumbel, 1958;€teré is independent of and thus it must remain unaltered
Pickands, 1975). despite the choice of the threshald The parameters are
However, the daily precipitations are not independent€Stimated with the maximum likelihood method.

events. To overcome the dependence problem Davinson and Table 1 shows the main statistical features for various val-
Smith (1990) proposed the following procedure: ues of thresholds which are useful for the estimation proce-

dure.

1. We must define the cluster of excesses. Two consecu- |N€ probability of an exceedance overP (X >u) and

H _ hy —
tive clusters are separated by r-consecutive days of nd€ parameters are estimated by (X > u) = 7+ and¢ =
EXCeSSES. “¢, respectively. Table 2 summarizes the estimators of the

various parameters involved.

The return level function which assigns the daily precipita-
tion levelx,, that is exceeded on average once eveyaily
observations, is given from Eq. (1). In order to construct the
m-year return level function, Coles (2001) proposes the fol-
lowing modification of (1)

2. Within each cluster we identify the maximum excess.

3. We assume cluster maxima to be independent, with dis
tribution given by the generalized Pareto distribution.

4. The level of exceedancs, that is the value exceeded  _ g,(n)=u+ o [(360mP (X > u)8)* —1] (2a)

on average once every m-observations is given from the §

relation However intuitively it is not appropriate to consider
360 observations per year than the average observations per

Xy = U+ d [mP(X > u)0)5 — 1], (1) year. !n our 115—ye§1r period the average annual precipitation
days is 70. Thus instead of Eqg. (2a) we adopt the m-year
return level function

where the pgramet@ns called extremal index and ap- X = Ro(m) = u+ 90 [(70mP(X = 0)0)f — 1] (2b)

proximately is m £

The return level plots for the 80%, 85%, 90%, and 95%
_ 1 highest value, are shown in Fig. 1. We observe that the re-
mean cluster size turn level based on the 90% highest value describes the data
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The threshold: does not have the meaning of a threshold
of extreme events but it is an essential term in the Eq. (2a, b)
threshold @ P(X>u) £ 50 in order to construct the rgturn level functions. The c_hoice

(mm) of this reference threshold is based upon the assumption that
the mean excess function is linear. From this point of view,

Table 2. Parameter estimation for different values of the threshold.

ig:;" 191'18 g'gi g'i“ _%(1%2 222(252 the meteorological importance of the threshokil5.8 mm
0 . . . —0. . 0 PN . : . _
10% 158 0.85 0.096 0147 2589 (10% upper limit) in the wider area of Athens is that it al

506 43.9 096 0010 0423 3231 lows us to predict extreme precipit_ation events (associated
more likely to flood phenomena), with the help of the return
level functions. This approach is important because accord-
ing to Koukis and Koutsoyiannis (1997), flooding in Athens
is probably the most severe among hydrometeorological haz-
ards in Greece. At least 179 lives were lost due to floods in
Athens since 1896, with the most human loss flood events
appeared on 14 November 1896 (61 deaths), 5-6 November
1961 (40 deaths), and 2 November 1977 (38 deaths), (Nico-
laidou and Hadjichristou, 1995).

4 Conclusions

Return Level {mm)

The aim of this paper is to construct a threshold model for
daily precipitation totals. The choice of the reference thresh-
- " = " - T old is supported by many validation tools. The return level
Return Period (years) function 3(a, b) based on the 90% highest value describes
the data better compared to the 80%, 85%, and 95% high-
Fig. 1. Return level (mm) for the 80% (solid line), 85% (dash line), €st value. This function is very important for the hydrol-
90% (dense dash line) and 95% (dot line) highest value. (+): corre0gy because it allows us to compute the valyeexceeded
sponds to the observed values. on average once every daily observations. Based on the
m-observation return level function the m-year return level
function is constructed which gives the valyg exceeded
on average once every years. As a final comment we can
better compared to the 80%, 85%, and 95% highest value. Iisay that the 10% upper limitz€15.8 mm) for the time se-
conclusion, the m-day return level function which fits best to ries under consideration provides us with the optimal excess
the data is: as well as with the optimal return period function. However
1.4453 fgrther studie; must be.made in order to examine if thg 90%
W — 1> (3a) hlghe_zst valu_e is the optimal threshold for the daily precipita-
m= tion time series from other regions.

Xm =158— 191922(

while for the m-year return level function the proposed func-
tion is: Edited by: S. Michaelides, K. Savvidou, and F. Tymvios

Reviewed by: two anonymous referees

(3b)

0.77402
x* =158 191922( 1)
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