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SUMMARY
The climate change context has raised new problems in the computation of temperature return levels (RLs) in using
the statistical extreme value theory. This arises since it is not yet possible to accept the hypothesis that the series of
maxima or of high level values are stationary, without at least verifying the assumption. Thus, in this paper,
different approaches are tested and compared to derive high order RLs in the nonstationary context. These RLs are
computed by extrapolating identiﬁed trends, and a bootstrap method is used to estimate conﬁdence intervals. The
identiﬁcation of trends can be made either in the parameters of the extreme value distributions or in the mean and
variance of the whole series. Then, a methodology is proposed to test if the trends in extremes can be explained by
the trends in mean and variance of the whole dataset. If this is the case, the future extremes can be derived from the
stationary extremes of the centered and normalized variable and the changes in mean and variance of the whole
dataset. The RL can then be estimated as nonstationary or as stationary for ﬁxed future periods. The work is done for
both extreme value methods: block maxima and peak over threshold, and will be illustrated with the example of a long
observation time series for daily maximum temperature in France. Copyright # 2010 John Wiley & Sons, Ltd.
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1. INTRODUCTION
The statistical extreme value theory (EVT) is commonly used by engineers to evaluate the intensity of
meteorological extreme events to which industrial installations or buildings must withstand. These
events are evaluated as long period return levels (RLs), which correspond to very rare events.
This paper concerns the prediction of such very rare events in a nonstationary context. Climate
change induces nonstationarity in the climatic series, at least for temperature. This means one must
identify an evolution of some parameters with time and then extrapolate this evolution to predict the
possible future RLs. Extrapolation involves the assumption that observed behavior remains valid in the
future. This is a strong hypothesis, but difﬁcult to avoid. It is thus important to determine such trends in
an as intrinsic manner as possible, that is in avoiding high frequency variations or sample effects. For
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example, the trend used for extrapolation may be deﬁned on a subperiod of the whole observation
period or modiﬁed to rid it of sample effects. This will be illustrated by examples.
The EVT has existed since the mid 20th century (Gumbel, 1958; Leadbetter et al., 1983) and
advances has been proposed in different ﬁelds: Smith (1989) gives basic examples for environmental
applications, Coles (2001) and Katz et al. (2002) developed the EVT for the ﬁelds of oceanography and
hydrology. The EVT relies on two general deﬁnitions of extreme events: extreme events can be
considered as maxima of given blocks of time and then, they are described by the generalized extreme
value (GEV) distribution, or they can be considered as exceedances over a deﬁned high threshold, and
then, when independent and in sufﬁcient quantity, they follow a generalized Pareto distribution (GPD),
whereas their dates of occurrence follow the trajectory of a Poisson process.
Probability theory assumes that the studied series are stationary (not necessarily independent), so
they do not present any cycle or trend, these being easily identiﬁed forms of nonstationarity. However,
when dealing with climatic data, this assumption has to be carefully considered. Since climatic data
often show a seasonal cycle and include the possibility of recent trends, the evaluation of temperature
extremes can now hardly be conducted without considering this issue of trends. The seasonal cycle
issue can be sometimes overcome if the study is restricted to the season when the extremes of
the studied variable mainly occur, but still needs some basic veriﬁcation.
Extensions have been proposed to the EVT to deal with trends (Smith, 1989; Coles, 2001). Different
ways of identifying trends in extremes have been tested in Zhang et al. (2004) and the study concluded
that methods based on the modeling of trends in the parameters of the distribution of the extremes are
the most powerful. Hundecha et al. (2008) used this approach to look for trends in extreme annual wind
speed over the Gulf of St Lawrence in Canada. This same methodology of trend identiﬁcation in the
parameters of the distribution of extremes will be used in this paper. The probability theory is applied
for each block separately and so gives an estimate of the parameters depending on the block. Then one
can constraint these parameters to some predetermined analytical dependency such as polynomials or
continuous piecewise linear (CPL) functions. The question arises as to how the identiﬁed trend can be
used to compute a future RL. In the literature, this question is rarely addressed. Generally, RLs are
computed from recent rather than historical parts of the observed time series or by using climate model
simulations.
In Parey et al. (2007), a methodology is proposed to estimate high temperature RLs in a
nonstationary context from observed temperature series in France, by extrapolating recent observed
trends in the parameters of the distribution of extremes. Some insights are given on the choice of the
trend and the impact of observed extremes like the 2003 heat wave, based on many observation series in
France. Using this methodology, the present paper further studies the identiﬁcation and extrapolation of
trends in the estimation of temperature RLs. The issue of trend identiﬁcation is considered ﬁrst,
including the questions of possible attribution to a background climatic evolution and the inﬂuence of
sample effects, for example several consecutive very hot or very cold years at the end of the observation
period. Once trend identiﬁcation has been settled, estimation of the conﬁdence interval for the RL in a
nonstationary context is considered. These questions will be carefully investigated in this paper by
applying methodologies to identify trends in both the extreme distribution parameters and the mean and
variance of the whole series. A methodology is proposed to test the link between these two types of
trends, for the two EVT methods, block maxima and peak over threshold (POT), and to compute future
RLs.
The paper is organized as follows: ﬁrst the mathematical tools are described in Section 2, then the
main issues are illustrated on the example of the observed daily maximum temperature at the station of
Déols in France for the 1901–2006 period (Klein Tank et al., 2002). In Section 3, the extrapolation of
Copyright # 2010 John Wiley & Sons, Ltd.
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trends in the extreme value distribution parameters is discussed whereas the veriﬁcation and the use of
the link between trends in extremes and trends in the mean and variance of the whole dataset are
exposed in Section 4, before coming to the discussion in Section 5.

2. MATHEMATICAL TOOLS
2.1. General framework
The general framework of the study is the statistical EVT. According to the block maxima method, the
block maxima Mj of block j are modeled as independent variables with a GEV distribution with three
parameters: the location parameter m, the scale parameter s and the shape parameter j. With the POT
method, the distribution of independent values selected over a ﬁxed high threshold asymptotically
converges to a GPD and their dates converge to a Poisson process. The GPD has two parameters: the
scale parameter s and the shape parameter j. In theory, the shape parameter of the GEV and the GPD
distributions for the same series are identical. The intensity of the Poisson process is another parameter
of the POT method.
In the application of the methods, choices have to be made in order to verify the assumptions. For
the block maxima method, the block length must be sufﬁciently long to allow the asymptotical
convergence of the maxima distributions and the independence between two consecutive maxima. For
the POT method, the threshold has to be selected in such a way that the process of the dates of
occurrence follows a Poisson process and that the property of threshold stability of the GPD is fulﬁlled
(Smith, 1989). On the other hand, the values have to be independent, and a declustering technique has
often to be used. Goodness of ﬁt tests allow us to check the ﬁt of the distribution of exceedances to the
GPD and the set of dates to a Poisson process, and to validate the hypotheses of independence. The
threshold selection can be based on the properties of the GPD, such as the constancy of the shape
parameter or the linearity of the mean of the exceedances over an adequate threshold value.

2.2. Trends in the parameters of the extreme value distributions
2.2.1. Trend identiﬁcation. Nonstationarity is translated for EVT methods by modeling the
parameters as nonconstant functions of time. The scale and shape parameters of the GEV and GPD, the
location parameter of GEV and the Poisson process are allowed to evolve with time or with other
covariates. The shape parameter j is the most difﬁcult to estimate, and it could be tricky to differentiate
possible evolutions from estimation errors. In their study, Zhang et al. (2004) did not consider any trend
in this parameter, as they assume that it is not likely to show a trend in the climate series. The tests on
different periods of a long observation series have shown that this parameter does not signiﬁcantly
evolve with time (Parey et al., 2007), and more sophisticated nonparametric studies lead to the same
conclusion (Hoang et al., 2009). Thus, in the following, the shape parameter j will be considered as
constant for both GEV and GPD distributions.
As the ultimate goal is to extrapolate trends in parameters in order to compute RLs, parametric forms
given by closed formulas have to be considered. Initially, nonparametric approaches may be used to
suggest the general form of these trends, which can then be reasonably approximated by polynomials or
other family like the family of CPL functions (Parey et al., 2007). These families of functions are often
ordered (or partially ordered) by an integer d as the polynomial degree or the number of pieces of a
CPL.
Copyright # 2010 John Wiley & Sons, Ltd.
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The choice of d is based on the likelihood ratio test or another procedure such as the Akaike criterion
(Davison, 2008).
For the GEV distribution, the procedure is the following: for every pair of integers (dmu,dsigma) one
computes the coefﬁcients which maximize the log-likelihood for the block maxima Mj with a location
parameter m( j) and a scale parameter s( j) considered as polynomials of degree dmu for m( j) and
dsigma for s( j). To choose the optimal model in this polynomial class for m( j) and s( j), one of the
previously mentioned procedures can be used. The Akaike penalization is 2(dmu þ dsigma). The same
procedure can be applied for CPL functions. For the POT method, the same principle is applied for
the intensity of the Poisson process I(t) and the scale parameter of the GPD s(t).
The advantage of CPL models is that they capture more details and provide linear trends which seem
to be more appropriate for the RL extrapolations. Still, statistical optimization is harder for CPL
functions than for polynomials and the mathematical theory for model choice and estimation is
more difﬁcult (Dacunha-Castelle and Gassiat, 1999) due to nonidentiﬁability. The classical theory of
likelihood is no longer valid and consistent estimators are not available. This can be avoided under the
constraint of separation of angular nodes, e.g., by 10 years. A misuse of CPL models could however be
to systematically conduct the prediction by extrapolating the last linear piece. The slope of this linear
fragment may be too dependant on the distribution of the last observed values in the last period. We
thus deﬁne a speciﬁc statistical procedure in order to control these edge effects and to choose the
extrapolated trend.
2.2.2. Return level in a nonstationary context. Estimation of the RL by extrapolating these trends in
the parameters requires that the parameters are monotonous functions, and thus polynomials will be
restricted to degree 2. In the stationary case, the RL za for a years is the level for which the probability
of exceedance every year is equal to 1/a. In the nonstationary case, knowing the identiﬁed trend, za will
then be re-deﬁned as the unique level such that the expectation of the number of exceedances over za in
the next a years will be 1 (Parey et al., 2007). We shall deﬁne the RL za for a years starting from the date
t0, so the RL is a function of the initial date and of the number of years taken into account to make the
projection.
Let D(t0,a) be the set of all days that belong to ½t0 ; t0 þ 365a. Then, for the block maxima method,
RL za is such that:
(
" 
1=j #)
þ365a
1 t0 X
j
¼1
(1)
1  exp  1 þ
ðza  mðtÞÞ
nb t¼t0
sðtÞ
nb is the number of days in each block, as each day in a block shares the same probability of being the
maximum.
For the POT method, za is such that:
1j
X 
j
ðza  uÞ
1þ
IðtÞ ¼ 1
(2)
sðtÞ
t2Dðt ;aÞ
0



I(t) is the mathematical expectation of the number of exceedances at date t and the Pareto term
 1
j
j
ðza  uÞ
is the mathematical expectation that the exceedance is larger than the level za, u
1 þ sðtÞ

being the threshold.
The deﬁnition for the stationary case is a particular case of this one.
Copyright # 2010 John Wiley & Sons, Ltd.
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In each case, za is then the result of an optimization procedure and we will consider that the
optimization procedure properly converged if the value of the function for the computed level za is
lower than 105.
2.2.3. Associated conﬁdence intervals. In the stationary context, conﬁdence intervals can be derived
from the standard deviation of the estimated RLs, using the approximate normality of the maximum
likelihood estimator or of any function of it. This so-called ‘‘delta method’’ will be used here to
evaluate the conﬁdence interval in the stationary case.
If a trend is identiﬁed, the conﬁdence interval has to take both sampling errors and trend
identiﬁcation errors into account. The method is based on a bootstrap technique, which will be
described ﬁrst for the block maxima method.
Once the trend has been identiﬁed, the block maxima series can be expressed as:
^ ðjÞ þ s^ ðjÞej
Mj ¼ m

(3)

^ ðjÞ and s^ ðjÞ the estimated optimal functions for the location and scale
where Mj are the block maxima, m
parameters and ej are residuals having a GEV distribution of location parameter 0 and scale parameter 1.
Then, the residuals are computed from the observed maxima and the estimated optimal trends. This
residual series is bootstrapped and a new sample of block maxima is computed. From this new sample,
the trend identiﬁcation method allows one to compute the optimal trend of the same form as the original
one and a new RL is estimated. By applying this procedure a high number of times (500 times here), a
distribution of the estimated RL is produced, from which a conﬁdence interval can be derived for a
deﬁned level, for example 90%.
For the POT method, a similar procedure can be applied, but with the help of simulation. The
number of dates of threshold exceedances follows a Poisson distribution. Thus, ﬁrst a new number of

dates N will be sampled from a Poisson distribution of integers with parameter I corresponding to the

mean value of I(t) over the observation period. Then, a new series of N dates of exceedances is drawn
giving sets of new dates t1. . .tN
(simulated) as a sample of the probability density function f ðtÞ ¼ IðtÞ
I

and so new estimates I (t) of the intensity.
At these new dates we shall affect new values Vu over the threshold u. Observed values can be
expressed as:
Vu ¼ u þ p^
s ðtÞ

(4)

where s^ ðtÞ is the estimated scale parameter and p a residual following a GPD of scale 1. A new set of
values Vu can be produced by bootstrapping the iid p. Then, values sampled in this way are associated to
the new set of dates of exceedances, while for the other dates of the series, a value is sampled from the
original values under the threshold u. This procedure is of course applied on the ‘‘declustered’’ series, that
is the series from which the dependent values over the threshold and their dates have been eliminated. Here
again, by applying this sampling procedure a high number of times (for instance 500), it is possible to

estimate a high number of new sets of parameters I (t), ^j, and s^  ðtÞ from which a distribution of the RL can
be obtained with the previous formula, distribution used to derive the desired conﬁdence interval.
2.3. Link between trend in extremes and trends in the whole series: the K hypothesis
2.3.1. Nonparametric tools to derive trends. In Parey et al. (2010), nonparametric methods have
been introduced and used to derive trends in mean and variance of the summer daily maximum (and
Copyright # 2010 John Wiley & Sons, Ltd.
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winter daily minimum) temperature series. A link has been identiﬁed between the trend in mean and the
trend in variance, the variance increasing when mean increases in summer for different European
locations, and especially in France. The local polynomial estimators (LOESS) will be used here, with
the same smoothing parameter, to compute the trends in mean m(t) and in variance s2(t) of the observed
summer daily maximum temperature X(t).
2.3.2. Link with the trends in extremes. The question then is whether a link can be identiﬁed between
these nonparametric trends in mean and variance of the whole dataset and the trends in extremes
(Hoang et al., 2009). To study it, Y(t) is deﬁned as the centered and normalized variable computed from
the observed series X(t) as:
YðtÞ ¼

XðtÞ  mðtÞ
sðtÞ

(5)

For GEV, the parameters for X(t) can be obtained from those of Y(t) using the following
relationships:
8
< jX ¼ jY
s ðtÞ ¼ s Y ðtÞ  sðtÞ
(6)
: X
mX ðtÞ ¼ mðtÞ þ mY ðtÞ  sðtÞ
If the extreme value model for Y(t) is stationary, then the RL of X(t) can be obtained from the
stationary RL for Y(t) and the trends in mean and variance of the whole dataset. Thus the trend in
extremes is mainly explained by the trends in mean and variance of the whole series. Then, the trends
are to be identiﬁed from the whole ensemble of data, which makes the identiﬁcation more robust,
having been obtained from a much larger dataset.
A methodology to test the so called ‘‘K hypothesis’’, which states that the extremes of Y(t) can be
considered as stationary, has been proposed and detailed in the GEV case in Hoang et al. (2009). Only
the general principles are recalled here. The test consists in comparing the distance between the two
functions of time corresponding to the stationary and nonstationary estimations of the parameters of the
extreme distribution of Y(t) to a table of such distances constructed by using a known stationary
extreme value distribution with the same parameters. The steps are then the following:
^
(1) compute a nonparametric trend for the mean m(t) of the observed values X(t), using LOESS: mðtÞ
2
^
(2) compute the variance var(t) as (X(t)  mðtÞ)
and its non parametric trend using the same LOESS
method: ^s2 ðtÞ
^
mðtÞ
(3) compute YðtÞ ¼ XðtÞ
^sðtÞ
^ ðjÞ and s^ ðjÞ, j being the block index, the location and scale parameters of the GEV
(4) estimate m
distribution:
^ 0 and s^ 0
(a) as constant in time m
^ ðjÞ and s^ ðjÞ
(b) as time varying m

1=2

1=2
R
R
(c) and their distances: Dm ¼
^ ðtÞ  m
^ 0 Þdt
ðm
and Ds ¼
ðs^ ðtÞ  s^ 0 Þ2 dt
, D
t2D

t2D

being the number of days in the series
^ 0 and s^ 0 and the
(5) compute 1000 samples of the same number of maxima with the constant parameters m
1000 distances between the parameters estimated from these samples as constant or time varying
Copyright # 2010 John Wiley & Sons, Ltd.
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(6) situate Dm and Ds in the distributions of distances obtained from the stationary distribution and
accept or reject the hypothesis.
If the distance computed from the observed series lies inside the distributions, then, the K hypothesis
can be accepted and the distance is only due to statistical errors.
The same procedure can be applied for the POT method by computing DI and Ds and comparing
them to the distributions of such distances coming from a sample of a known stationary situation. The
main difference lies in the fact that the nonparametric evolution of I(t) is computed using a kernel
method rather than LOESS.
2.3.3. The use of this link to compute return levels and their associated conﬁdence intervals. Once
the K hypothesis has been tested and can be accepted, one can imagine different ways to use it in the
computation of future RLs. On one hand, the RLs and associated conﬁdence intervals can be evaluated
in the nonstationary context, but by extrapolating the trends in mean and variance of the whole dataset
instead of the trends in the parameters of the extreme value distributions. The trends in mean and
variance of the whole dataset will be computed here as a two-part CPL function, based on the
identiﬁcation of one break point in their evolutions. This will be done by using the so-called ‘‘brut
force’’ procedure proposed by Mudelsee (2009). Thus, m(t) and s(t), respectively the time evolutions of
the mean and standard deviation of the whole dataset, are considered as two linear parts, and the second
part is extrapolated to compute the nonstationary RLs, as follows:
(
" 

1=j #)
X
1 t0 þ365a
j za  mðtÞ
 mY
 1 ¼ 0 for GEV
1  exp  1 þ
nb t¼t0
sY
sðtÞ

(7)

and
X 
t2Dðt0 ;aÞ

j
1þ
sY



za  mðtÞ
u
sðtÞ

1j

IY  1 ¼ 0 for POT

(8)

Then, the conﬁdence intervals are constructed by applying a bootstrap procedure:
 bootstrap Y(t) to obtain a high number of samples Y(t) and compute the stationary parameters for
the extreme value distribution of each Y(t)
 compute X(t) from each Y(t) and m(t) and s(t)
 from each X(t), compute linear trends for m and s from the previously identiﬁed break point, to
obtain m(t) and s(t)
 compute each RL using (7) or (8): RL
 get the conﬁdence interval as the desired inter-quintile interval of the distribution of the RL
according to the chosen conﬁdence level (5 and 95 percentiles for the 90% conﬁdence interval).
Another way is to consider that the RLs can be computed in the stationary context for ﬁxed periods
of time, for example 30 years. Thus, the present day RLs are the stationary ones evaluated over the most
recent period of the observed series. Then, using the K hypothesis, the future RLs can be computed
from the stationary distribution of the extremes of Y(t) and the values of mean m and standard deviation
s over a future 30-year period. The conﬁdence interval is computed by using the delta method, taking
both the errors in the extreme value distribution parameters of Y(t) and those of m and s into account,
Copyright # 2010 John Wiley & Sons, Ltd.
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these last ones being evaluated using a bootstrap technique. The values for m and s for a future period
can be retrieved either from the trend extrapolations or from climate model simulations.

3. EXAMPLE: EXTRAPOLATION OF TRENDS IN EXTREME VALUE
DISTRIBUTION PARAMETERS
The temperature series chosen to illustrate the previously described methodology to compute RLs in
the nonstationary context is provided by the European Climate Assessment and Dataset (ECA&D)
project (Klein Tank et al., 2002). It consists of daily maximum temperature observed at the station
named Déols (in the center of France) over the 1901–2006 period (106 years). In order to limit the
problem linked to the seasonal cycle in temperatures, the high temperature RLs will be computed from
the sub-series corresponding to the summer days, when high temperatures are susceptible to occur. The
summer period has been deﬁned from empirical statistical analyses regarding the occurrence of very
high temperatures as the 100 days between the 14th of June and the 21st of September (Parey et al.,
2010). Thus a series of 106 times 100 days is extracted from the observation series to produce the series
of daily maximum temperatures in summer in Déols between 1901 and 2006. The observed maximum
occurred on the 2nd of August 1906 with a temperature of 40.58C.

3.1. The block maxima method
The study has ﬁrstly been conducted using the block maxima method. The ﬁrst step consisted in
choosing the block length and verifying the identical distribution of the selected maxima between the
blocks. To do so, the occurrence of block maxima and of the annual maxima within each block have
been compared for two block sizes: 25 days (four blocks per summer) and 50 days (two blocks per
summer). The results are summarized in Table 1. The maxima are reasonably well represented in each
block. However, for the 25-day blocks, annual maxima seems to occur more rarely at the beginning
(block 1) and at the end of the summer (block 4), revealing the remaining of a seasonal cycle, even
though the summer season only has been retained. In order to avoid a fastidious de-seasonalization
procedure, a 50-day block length will be chosen, for which the repartition in each block is more similar.
This leads to 2 maxima per summer, thus 212 values over the period and is a good compromise between
the length of the series of extremes and the length of the block needed to ensure independence and
identical distribution of the selected maxima.
The trend identiﬁcation procedure for polynomials leads to a quadratic trend for the location
parameter m( j), j being the block number, whereas the scale parameter s can be considered as constant.

Table 1. Repartition of the 424 block maxima and the 106 summer maxima in the 4 blocks for 25-day blocks and
of the 212 block maxima and 106 summer maxima in the 2 blocks for 50-day blocks
25-day blocks in summer

Block maxima
Summer maxima

50-day blocks in summer

14/06–08/07

09/07–02/08

03/08–27/08

28/08–21/09

14/06–02/08

03/08–21/09

92
16

115
44

105
37

112
9

102
60

110
46
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Figure 1 (left panel) shows the optimal identiﬁed trend superimposed on the block maxima evolution.
The extrapolation of this trend gives the following results for the 30-, 50-, and 100-year RLs (RL30,
RL50, and RL100, respectively), with their 90% conﬁdence intervals:
RL30 ¼ 42.08C [40.0–43,5]; RL50 ¼ 44.68C [41.2–46.3]; RL100: 54.08C [42.0–58.6]
The 50- and 100-year RLs are in italics as the convergence of the optimization is not robust. This
example shows how polynomial trends may lead to very high, physically unrealistic temperature
values. The quadratic form is due to the occurrence of high temperature values at the beginning and at
the end of the sample.
Another proposed way of evaluating the RLs is to look for the optimal CPL trend, and use it to deﬁne
the period over which the trend should better be considered, if one wants to avoid high frequency
ﬂuctuations contained in the sample. The optimal CPL trend for the daily maximum temperature in
summer in Déols is found in two parts for the location parameter m( j), while the scale parameter
remains constant. The identiﬁed break point is in year 1974. Figure 1 (right panel) shows this optimal
CPL trend, superimposed on the block maxima evolution.
The extrapolation of this last linear part, which could be judged as more representative of the recent
warming trend, leads to the following RLs:
RL30 ¼ 42.08C [39.7–43.9]; RL50 ¼ 44.18C [40.6–45.7]; RL100 ¼ 49.38C [41.4–51.7]
Here again, although the convergence is better achieved, the optimization is still difﬁcult for the
100-year RL.
The two approaches, using the optimal polynomial trend or the last part of the optimal CPL trend,
lead to very similar results for the 30- and 50-year RLs. The extrapolation to 100-year RLs remains
however not realistic, probably because of the very high values encountered at the end of the sample,
whereas when beginning after the break point, the sub-sample starts with the lowest block temperatures
reached in the sample. It thus does not seem reasonable to assume an unchanged trend on such a long
period.

Figure 1. Optimal polynomial trend for the location parameter m( j) ( j is the block index) (left panel) and optimal CPL trend for
the location parameter m( j) (right panel), superimposed on the evolution of the block maxima, for the daily maximum
temperature in summer in Déols between 1901 and 2006
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3.2. The POT method
3.2.1. Trend extrapolation. The same analysis has then been conducted with the POT method.
The ﬁrst task is here to choose the threshold and the declustering procedure. The declustering
procedure used is a simple one, consisting in retaining only the maximum value when several
exceedances occur on consecutive days. The threshold selection is then guided by the properties of the
GPD, as stated in Section 2.1, to which we add the necessity for the identiﬁed trends in the Poisson
process intensity and in the scale parameter of the GPD to remain constant. This leads to a threshold of
31.48C, with 400 independent exceedances for the whole series length.
Then, the optimal polynomial trend is identiﬁed for both the Poisson process intensity I(t) and the
scale parameter of the GPD s(t): the result is a quadratic trend for I(t) and a constant s(t). The trend in
the Poisson process intensity is illustrated in Figure 2 (left panel), superimposed on the frequency of
threshold exceedances each summer. The 30-, 50-, and 100-year RLs obtained by extrapolating this
trend are the following:
RL30 ¼ 39.68C [38.8–40.9]; RL50 ¼ 40.18C [39.3–41.4]; RL100 ¼ 40.78C [39.9–42.5]
The obtained 30- and 50-year RLs are lower than those obtained previously with the block maxima
method.
As previously, the optimal CPL trend has then been identiﬁed. Here, the results are different, since
the optimal trend for the Poisson process intensity has three parts, with the last one strongly inﬂuenced
by the edge effect of the recent hot summers in France, as can be seen in Figure 2 (right panel), with
break points, respectively, in 1965 and 1999. The scale parameter is still constant. The best ﬁtted two
parts evolution, although not optimal, identiﬁes the break point in 1997, which conﬁrms the strong edge
effect of the last hot summers in the series. In order to overcome this effect, the ﬁrst idea could be to
extrapolate the second part rather than the last one. This trend is however very low, and probably
artiﬁcially low, as the effect of the recent high values is totally excluded. It has thus been decided to cut
the sample at the date of the identiﬁed second break point, and to look for the same optimal trends over

Figure 2. Optimal polynomial (left panel) and CPL (right panel) trend for the Poisson process intensity superimposed on the
frequencies of threshold exceedances each summer, for the daily maximum temperature in summer in Déols between 1901 and
2006
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the 1965–2006 period. The optimal trend is then linear for the intensity of the Poisson process, while
the scale parameter of the GPD remains constant. The extrapolated RLs are the following:
RL30 ¼ 39.38C [37.5–41.3]; RL50 ¼ 39.78C [37.7–42.2]; RL100 ¼ 40.48C [37.8–44.5]
3.2.2. Effect of a change in the location parameter of the GEV or in the intensity of the Poisson
process. It seems from the previous results that an evolution in the Poisson process intensity of the POT
method has a lower impact on the RL than an evolution of the location parameter of the GEV
distribution. In order to conﬁrm this observation, the derivation of the RL for the two methods against
these parameters are computed. The calculations here are conducted for the stationary RLs, as their
analytical expressions are easier to derivate than the proposed expressions for the non stationary RLs
(Equations (1) and (2) above). The only aim is to understand the effects of an increase in the location
parameter of the GEV distribution or in the intensity of the Poisson process on the estimated RL.
For GEV, the T-year stationary RL ZT writes:
i
sh
(9)
ZT ¼ m  1  ð logð1  T ÞÞj
j
T
in the case where j 6¼ 0 like here, and then @Z
@m ¼ 1.For POT, the same T-year stationary RL ZT writes:
j i
s h
Tny I 1
ZT ¼ u þ
(10)
j

where ny is the number of exceedances each year and thus the mean number of declustered exceedances
of the threshold per year. Then:

j1
j i
@ZT
@ZT 1 h
Tny I 1
¼ s Tny I
¼
and
(11)
j
@I
@s
with the values of the parameters in the studied case, this leads to the results summarized in Table 2.
One can see that the impact of an increase in I on the RL is much lower and decreases when the return
period increases, whereas the impact of an increase of the scale parameter s is much higher and
increases with the return period. This explains the observed differences between the RL extrapolation
according to the two extreme value methods.
3.3. Research of a break point in the evolution of the mean
Until now, the trends have been identiﬁed for the whole sample of extremes, that is over the entire
period, and the CPL form of the trends lead us to use sub-periods. Another idea could be to look for a
break in the evolution of the mean daily maximum temperatures in summer, and then to consider
only the period beginning after this break. In order to do this, the method used consists in adjusting a

Table 2. Values of the derivation of the RL against the Poisson process intensity I and the scale parameter of the
Pareto distribution s for the 30-, 50-, and 100-year return periods
Return period

30-year

50-year

100-year

@ZT =@I
@ZT =@s

0.0077
2.87

0.0041
3.03

0.0017
3.22
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two-part linear trend to the series of daily maximum temperatures in summer and identifying the break
point as the one for which the standard deviation of the residuals is the minimum. All dates of the series
are tested as potential break points, except the 5 ﬁrst and last summers in order to minimize the edge
effects. This follows the method proposed by Mudelsee (2009). This procedure leads to a break in the
trend of mean daily maximum temperature evolution in 1956, as illustrated in Figure 3, together with
the smooth loess trend used in the following to compute the centered and normalized variable.
Starting from this result, the evolution of the parameters of the extreme value distributions for the
GEV and POT methods has been computed over the period 1957–2006. For GEV, the optimal
polynomial trends are of degree 1 (linear) for the location parameter m and 0 (stationary) for the scale
parameter s. The extrapolated RLs and their 90% bootstrap conﬁdence interval are then:
RL30 ¼ 40.88C [39.3–42.1]; RL50 ¼ 42.28C [40.2–43.5]; RL100: 45.68C [40.8–46.5]
These values are lower than those obtained previously for the trend identiﬁed over the total period
length or over the 1975–2006 period after the break in the trend of the location parameter, as the
50-year RL now is comparable to the 30-year RL previously obtained.
When using the POT method, ﬁrst the threshold has been selected in the same way as previously as
31.08C, corresponding to 200 independent exceedances. The optimal trends are of degree 2 (quadratic)

Figure 3. Nonparametric (LOESS, thin smooth line) and optimal two pieces linear trends (bold) for the summer daily maximum
temperature in Déols between 1901 and 2006, superimposed on the evolution of the seasonal means. The date of the break point is
written in the top left corner
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Figure 4. Threshold exceedances over the 1957–2006 period with the 2003 maximum in bold (left panel) and the optimal scale
parameter trend (solid line) together with the 500 bootstrap scale parameter trends (dotted lines) (right panel)

for the intensity I of the Poisson process and 1 (linear) for the scale parameter of the Pareto distribution
s. Then the extrapolated RLs and their 90% bootstrap conﬁdence intervals are the following:
RL30 ¼ 41.38C [35.9–38.6]; RL50 ¼ 42.98C [35.9–39.9]; RL100 ¼ 46.98C [36.0–42.1]
what appears ﬁrst is the fact that the extrapolated RLs lie outside their bootstrap conﬁdence
intervals. This is due to the fact that the 2003 maximum is far above the other high levels and over this
shorter period, it alone implies the obtained linear trend for the scale parameter s. Figure 4 shows the
selected independent values over the threshold on the left, and the identiﬁed optimal trend of the scale
parameter together with all the different trends computed from the bootstrap samples in the evaluation
of the conﬁdence interval (dotted lines) on the right. Very few trends in the bootstrap samples are as
steep as the optimal trend of the original sample (some are even decreasing, depending on the location
of the 2003 event in the bootstrap sample). And, as seen before, the evolution of the scale parameter has
the greatest inﬂuence on the computed RL in the POT method. This explains why the extrapolated RLs
are outside the bootstrap conﬁdence intervals. This shows then that this methodology of extrapolation
of the trends in the parameters of the POT distributions is very sensitive to unusually high values
encountered at the end of the period, and cannot be reliably applied in such cases. In this case, it is
therefore recommended to deal with the longest possible series to avoid such a drawback.

4. EXAMPLE: USE OF THE K HYPOTHESIS
As discussed in Section 2.3, previous studies opened the possibility to use the link between the
evolution of the mean and variance of the whole summer daily maximum temperature series and
the trend in extremes to derive future extreme levels. The steps are ﬁrst to check the K hypothesis
for the Déols series and then to chose the way to evaluate mean and variance in the desired future
period.
Copyright # 2010 John Wiley & Sons, Ltd.
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4.1. The K hypothesis
As stated before, the K hypothesis supposes that the extremes of the centered and normalized series Y(t)
are stationary. It has to be tested in comparing the distance between the evaluation of the parameters of
the extreme value distribution as constant and as time varying to a distribution of such distances
obtained from a similar distribution known as stationary, as described in Section 2.3. The results for the
Déols series in summer in the case of block maxima and POT are illustrated in Figure 5 and show that
the K hypothesis can be accepted.
4.2. Nonstationary return levels
As stated before, the K hypothesis can ﬁrst be used to compute RLs in the nonstationary context, but by
extrapolating the trends in mean and variance of the whole data series instead of those of the extreme
value distribution parameters. In order to do so, it is ﬁrst necessary to identify a parametric trend in the
mean and variance of the observed summer temperatures.
In Section 3.3, a method has been used to identify a break point in the trend in mean daily maximum
temperature in summer in Déols. The same method is applied to the evolution of the variance of the
same temperatures, and leads to the identiﬁcation of a break point in the same 1956 year. These twopart linear trends will then be used to compute the RLs by extrapolating the second parts (Figure 6).
The 30-, 50-, and 100-year RLs are then computed following (7) and (8) and their 90% conﬁdence
intervals using the bootstrap technique described in Section 2.3.3 above. The results are summarized in
Table 3. Both methods lead to comparable values.
4.3. Stationary return levels
Another proposed approach consists in supposing that over ﬁxed periods of time, the RLs can be
estimated in the stationary context. These periods have however to be long enough to allow reliable RL
estimations, but not too long so that trends cannot be ignored. The period length will be chosen here as

Figure 5. Distributions of the distances between constant and time varying parameters of the extreme value distributions in the
case of constant distribution and the same distances for Y(t) in summer in Déols (vertical lines), for GEV (location parameter m
and scale parameter s; left panel) and for POT (intensity I of the Poisson process and scale parameter s of the GPD; right panel)
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Figure 6. Extrapolation of the second part of the 2-part linear trends in mean and variance of the daily maximum temperatures
in summer in Déols, beginning 1956

30 years, the length being recommended by the World Meteorological Organization to deﬁne
climatology. Thus, the present day climate RLs will be computed for the last 30 years of the observation
series, that is here for the 1977–2006 period. Then, two future 30-year ﬁxed periods will be deﬁned in
accordance with the current outputs of the climate simulations: the periods 2021–2050 and 2046–2065.
Over these future periods, the RLs will be computed from the stationary RLs of Y(t), deﬁned over the
observed period, and the changes in mean and standard deviation between each future period and the
present one. It must be recalled here that the deﬁnition of the RL in this stationary context differs a bit
from the one used in the previously set nonstationary context: here, the A-year RL is the value reached
or exceeded average once every A years over the studied period, whereas in the non stationary context,
the same level corresponds to a value whose probability to be exceeded in the next A years equals 1, that
is the value which is expected to be reached or exceeded only 1 day in the A future years.
Table 3. Nonstationary RLs using the K hypothesis for GEV and POT, with their bootstrap 90% conﬁdence
intervals

GEV
POT

30-year RL

50-year RL

100-year RL

40.3 [38.9–42.0]
39.9 [38.4–41.0]

41.2 [39.4–43.3]
40.8 [38.9–42.2]

43.3 [40.5–46.3]
42.9 [40.0–45.4]
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Two ways of computing the changes in mean and standard deviation of the summer daily maximum
temperatures will be tested: the extrapolation of the previously identiﬁed linear trends, and the use of
climate model simulations.
4.3.1. Mean and variance trends extrapolation. The previously identiﬁed trends in mean and
variance of the observed summer series are extrapolated, and the mean and standard deviations over the
periods 2021–2050 and 2046–2065, respectively, are calculated. The results are summarized in Table 4.
Thus the future RLs are estimated using the stationary RLs for the centered and normalized variable
Y(t), zY, and the future values of the mean (mF) and standard deviation (sF) as: zX ¼ zYsF + mF where zX is
the desired RL for the original series X(t). The 90% conﬁdence intervals are computed by using the
delta-method, where the variances for the mean and variance are added to the variance of z in the
computation of the covariance matrix. The results are shown in Table 5. Not surprisingly, the two
extreme value methods give similar results in that case. However, the conﬁdence intervals are much
larger for the POT method than for GEV. This is due to a larger variance of the estimated RL with POT,
probably meaning that the estimation is less robust.
4.3.2. Use of climate model results. In the framework of the European project ENSEMBLES,
different Regional Climate Models (RCM), forced using different General Circulation Models (GCM)
have been used to simulate future climate under different greenhouse gas evolution scenarios. We will
use here six of these models, with a 25 km resolution and using the Intergovernmental Panel on Climate
Change (IPCC) Special Report on Emission Scenarios (SRES) A1B scenario. The simulations cover
the period 1950–2100 (1960–2100 for one of the models). In order to assess RLs for the two selected
future periods, the mean and variance changes will be computed between the 2021–2050 and 1977–
2006 periods, and the 2046–2065 and 1977–2006 periods, respectively, for the modeled series
corresponding to the nearest grid point of the station Déols in France, and added to the observed
Table 4. Mean, standard deviation, and their respective increases for the periods 1977–2006, 2021–2050, and
2046–2065 computed from the observed series of summer daily maximum temperatures in Déols (1977–2006) and
from the extrapolation of the second part of the identiﬁed 2-part linear trends for the future 2021–2050 and 2046–
2065 periods

Mean
Standard deviation

1977–2006

2021–2050

Increase

2046–2065

Increase

24.56
4.50

25.87
4.68

1.31
0.18

26.55
4.79

1.99
0.29

Table 5. 30-, 50-, and 100-year RLs and their 90% conﬁdence intervals estimated in the stationary context
according to the K hypothesis for the two future periods, by extrapolating the mean and standard deviation trends
derived from the observation series, with the GEV and POT methods
30-year RL

50-year RL

100-year RL

2021–2050

GEV
POT

40,3 [39,5–41,1]
40,3 [33,3–47,4]

40,7 [39,8–41,6]
40,7 [33,6–47,9]

41,1 [40,1–42,1]
41,2 [33,9–48,4]

2046–2065

GEV
POT

41,2 [40,3–42,0]
41,4 [34,1–48,6]

41,5 [40,6–42,3]
41,7 [34,4–49,1]

42,0 [41,0–43,0]
42,2 [34,8–49,7]
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Table 6.

List of the ENSEMBLE project model simulations used

Acronym

DMIARPEGE

DMIECHAM5

KNMIRACMO

MPIECHAM5

SMHIBCM

SMHIECHAM5

Institute
Scenario
GCM
RCM
Resolution
Period

DMI
A1B
ARPEGE
HIRHAM
25 km
1950–2100

DMI
A1B
ECHAM5
HIRHAM
25 km
1950–2100

KNMI
A1B
ECHAM5
RACMO
25 km
1950–2100

MPI
A1B
ECHAM5
REMO
25 km
1950–2100

SMHI
A1B
BCM
RCA
25 km
1960–2100

SMHI
A1B
ECHAM5
RCA
25 km
1950–2100

1977–2006 mean and standard deviation. Table 6 presents the simulations used and Table 7 summarizes
the mean and standard deviation changes for the two periods. As expected, there is an important
dispersion in the climate model results for both the change in mean and the change in standard
deviation, and the values previously obtained by extrapolating the observed trends (Table 4) lie in the
range of the model values. For the 2021–2050 period, the change in mean given by the models is rather
lower than the extrapolated one, except for DMI-ARPEGE. For the 2046–2065 period however, the
change in mean computed from the extrapolated trend is rather low compared to model values. A
comparison between the series of observed annual temperature maxima and modeled ones for the
nearest grid points (not shown) have shown that the DMI-ARPEGE model exhibits a warm bias, DMIECHAM5, SMHI-BCM, and SMHI-ECHAM5 a rather cold one and KNMI-RACMO and MPIECHAM5 give correct results. The use of these changes, together with the stationary RLs for Y(t) as
previously described, lead to the 30-, 50-, and 100-year RLs (with their 90% conﬁdence intervals)
summarized in Table 8 for both GEV and POT methods. Here again, the two extreme value methods
lead to comparable results, although the POT method gives larger conﬁdence intervals. Concerning
climate models, besides DMI-ARPEGE which gives much higher levels (but has been seen to have a
warm bias over the current period), they all give comparable orders of magnitude for the future RLs.
5. DISCUSSION AND PERSPECTIVES
In previous papers, especially Parey et al. (2007), a computation of temperature RLs in the
nonstationary context had been proposed, based on time evolutions of the extreme value distribution
parameters.
Table 7. Changes in mean and standard deviation between each future period and the current 1977–2006 period
given by the climate simulations of each model for the nearest grid point of Déols
Model

DMI-ARPEGE
DMI-ECHAM5
KNMI-RACMO
MPI-ECHAM5
SMHI-BCM
SMHI-ECHAM5

2021–2050

2046–2065

Change in mean

Change in std

Change in mean

Change in std

2.03
0.47
0.89
0.70
0.03
1.05

0.29
0.01
0.17
0.09
0.11
0.21

3.57
1.47
2.62
2.20
1.38
2.49

0.81
0.02
0.33
1.16
0.46
0.31
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41.4
39.0
39.9
39.5
38.1
40.2
41.4
39.0
39.9
39.5
38.1
40.2

DMI-ARPEGE
DMI-ECHAM5
KNMI-RACMO
MPI-ECHAM5
SMHI-BCM
SMHI-ECHAM5

[34.2–48.7]
[32.2–45.8]
[32.9–46.9]
[38.2–40.8]
[31.4–44.8]
[33.1–47.2]

[40.6–42.3]
[38.2–39.8]
[39.1–40.7]
[32.5–46.4]
[37.3–38.9]
[39.4–41.0]

30-year RL

41.8
39.4
40.3
39.9
38.5
40.6

41.8
39.4
40.3
39.9
38.5
40.6
[34.5–49.2]
[32.5–46.3]
[33.2–47.4]
[38.5–41.8]
[31.7–45.2]
[33.4–47.7]

[40.9–42.7]
[38.5–40.2]
[39.7–41.7]
[32.9–46.8]
[37.6–39.3]
[39.7–41.4]

50-year RL

2021–2050

42.3
39.8
40.8
40.3
38.9
41.1

42.2
39.8
40.7
40.3
38.9
41.0

GEV
[41.3–43.2]
[38.8–40.7]
[39.7–41.7]
[33.2–47.4]
[37.9–39.8]
[40.0–42.0]
POT
[34.8–49.7]
[32.8–46.8]
[33.6–47.9]
[38.8–41.8]
[32.0–45.7]
[33.8–48.2]

100-year RL

44.6
39.9
42.2
41.2
41.3
42.0

44.6
39.9
42.2
41.2
41.3
42.0

[36.8–52.4]
[32.9–46.9]
[34.7–49.5]
[34.0–48.4]
[34.0–48.5]
[34.6–49.3]

[43.7–45.5]
[39.1–40.7]
[41.3–43.0]
[40.4–42.0]
[40.5–42.1]
[41.1–42.8]

30-year RL

45.0
40.3
42.6
41.6
41.7
42.4

45.0
40.3
42.5
41.6
41.7
42.3

[37.1–52.9]
[33.2–47.3]
[35.1–50.0]
[34.3–48.9]
[34.4–49.0]
[34.9–49.8]

[44.1–46.0]
[39.4–41.1]
[41.6–43.4]
[40.7–42.5]
[40.8–42.6]
[41.5–43.2]

50-year RL

2046–2065

45.6
40.7
43.0
42.1
42.2
42.9

45.5
40.7
43.0
42.0
42.1
42.8

[37.5–53.5]
[33.5–47.8]
[35.4–50.5]
[34.6–49.4]
[34.7–49.6]
[35.3–50.3]

[44.4–46.5]
[39.7–41.6]
[42.0–43.9]
[41.0–43.0]
[41.1–43.1]
[41.8–43.8]

100-year RL

30-, 50-, and 100-year RLs and their 90% conﬁdence intervals computed in the stationary context according to the K hypothesis by using climate
simulation results to calculate the mean and standard deviation changes in the future, with both GEV and POT methods

DMI-ARPEGE
DMI-ECHAM5
KNMI-RACMO
MPI-ECHAM5
SMHI-BCM
SMHI-ECHAM5

Methods

Table 8.
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In this paper, we extend these results in both introducing the computation of bootstrap conﬁdence
intervals and discussing different approaches to determine the time evolution of the parameters, in
the context of both the GEV and POT methods. Furthermore, the identiﬁed link between mean and
variance evolution and the evolution of extremes (Hoang et al. 2009) is used to estimate future RLs
from these mean and variance evolutions. The different approaches are illustrated on the example of the
daily maximum summer temperature in Déols, center of France, over the 1901–2006 period. This
example shows that the extrapolation of the optimal parametric trends as polynomials or CPL functions
generally leads to similar results, but extrapolation sometimes gives unrealistic levels for long return
periods, especially for quadratic evolutions. The use of the CPL functions is helpful to identify subperiods over which the trend can be more reasonably extrapolated, but lets the sample begin with the
lowest identiﬁed temperature levels.
Another way to select such sub-periods is to search for a break point in the linear evolutions of the
mean and variance of the whole dataset and select the second part as the studied sub-period. In this non
stationary context, the block maxima method generally leads to higher RLs than the POT one, as the
inﬂuence of an increase in the location parameter for the GEV distribution is higher than that of an
increase in the Poisson process intensity for the POT method. On the other hand, the POT method has
been shown to be very sensitive to very high values located at the end of the sample.
Another proposed way of estimating RLs in the nonstationary context is through the use of the link
between the evolution of extremes and the evolution of the mean and variance of the whole dataset. The
application of the described test to the summer temperature series of Déols showed that the so-called
K hypothesis, under which the extremes of the centered and normalized data can be considered as
constant, is accepted for both GEV and POT approaches. Then, again two ways can be used to estimate
the future RLs. First, in keeping the nonstationary RL deﬁnition, one can compute the value reached or
exceeded once in a future period of time by extrapolating the trends in mean and standard deviation
of the whole data series instead of those of the extreme value distribution parameters. On the other
hand, the RLs for future ﬁxed periods (2021–2050 and 2046–2065 in this paper) can be obtained from
the stationary extremes of the centered and normalized quantity and the mean and standard deviation of
the summer daily maximum temperature in the future period, in a stationary context. The RL is then the
stationary one, that is the value reached or exceeded in average once over the future period.

Table 9. 30-, 50-, and 100-year non stationary RLs computed by extrapolating the identiﬁed trends in the
parameters of the extreme value distributions or the identiﬁed trend in mean and variance of the whole sample
according to the K hypothesis
30-year RL
Trends in EVT parameters
GEV 1901–2006
42.08C
1975–2006
42.08C
1957–2006
40.88C
POT 1901–2006
39.68C
1965–2006
39.38C
1957–2006
41.38C
Trends in total mean and variance
GEV
40.38C
POT
39.98C

50-year RL

100-year RL

[40.0–43.5]
[39.7–43.9]
[39.3–42.1]
[38.8–40.9]
[37.5–41.3]
[35.9–38.6]

44.68C [41.2–46.3]
44.18C [40.6–45.7]
42.28C [40.2–43.5]
40.18C [39.3–41.4]
39.78C [37.7–42.2]
42.98C [35.9–39.9]

54.08C [42.0–58.6]
49.38C [41.451.7]
45.68C [40.8–46.5]
40.78C [39.8–42.0]
40.48C [37.8–44.5]
46.98C [36.0–42.1]

[38.9–42.0]
[38.4–41.0]

41.28C [39.4–43.3]
40.88C [38.9–42.2]

43.38C [40.5–46.3]
42.98C [40.0–45.4]
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GEV
Observed trends
DMI-ARPEGE
DMI-ECHAM5
KNMI-RACMO
MPI-ECHAM5
SMHI-BCM
SMHI-ECHAM5
POT
Observed trends
DMI-ARPEGE
DMI-ECHAM5
KNMI-RACMO
MPI-ECHAM5
SMHI-BCM
SMHI-ECHAM5

Methods

Copyright # 2010 John Wiley & Sons, Ltd.

[39.5–41.1]
[40.6–42.3]
[38.2–39.8]
[39.1–40.7]
[38.7–40.3]
[37.3–38.9]
[39.4–41.0]
[33.3–47.4]
[34.2–48.7]
[32.2–45.8]
[32.9–46.9]
[38.2–40.8]
[31.4–44.8]
[33.1–47.2]

40.3
41.4
39.0
39.9
39.5
38.1
40.2
40.3
41.4
39.0
39.9
39.5
38.1
40.2

30-year RL

40.7
41.8
39.4
40.3
39.9
38.5
40.6

40.7
41.8
39.4
40.3
39.9
38.5
40.6
[33.6–47.9]
[34.5–49.2]
[32.5–46.3]
[33.2–47.4]
[38.5–41.8]
[31.7–45.2]
[33.4–47.7]

[39.8–41.6]
[40.9–42.7]
[38.5–40.2]
[39.7–41.7]
[39.0–40.7]
[37.6–39.3]
[39.7–41.4]

50-year RL

2021–2050

41.2
42.3
39.8
40.8
40.3
38.9
41.1

41.1
42.2
39.8
40.7
40.3
38.9
41.0
[33.9–48.4]
[34.8–49.7]
[32.8–46.8]
[33.6–47.9]
[38.8–41.8]
[32.0–45.7]
[33.8–48.2]

[40.1_42.1]
[41.3–43.2]
[38.8–40.7]
[39.7–41.7]
[39.3–41.2]
[37.9–39.8]
[40.0–42.0]

100-year RL

41.4
44.6
39.9
42.2
41.2
41.3
42.0

41.2
44.6
39.9
42.2
41.2
41.3
42.0
[34.1–48.6]
[36.8–52.4]
[32.9–46.9]
[34.7–49.5]
[34.0–48.4]
[34.0–48.5]
[34.6–49.3]

[40.3–42.0]
[43.7–45.5]
[39.1–40.7]
[41.3–43.0]
[40.4–42.0]
[40.5–42.1]
[41.1–42.8]

30-year RL

41.7
45.0
40.3
42.6
41.6
41.7
42.4

41.5
45.0
40.3
42.5
41.6
41.7
42.3

[34.4–49.1]
[37.1–52.9]
[33.2–47.3]
[35.1–50.0]
[34.3–48.9]
[34.4–49.0]
[34.9–49.8]

[40.6–42.3]
[44.1–46.0]
[39.4–41.1]
[41.6–43.4]
[40.7–42.5]
[40.8–42.6]
[41.5–43.2]

50-year RL

2046–2065

42.2
45.6
40.7
43.0
42.1
42.2
42.9

42.0
45.5
40.7
43.0
42.0
42.1
42.8

[34.8–49.7]
[37.5–53.5]
[33.5–47.8]
[35.4–50.5]
[34.6–49.4]
[34.7–49.6]
[35.3–50.3]

[41.0–43.0]
[44.4–46.5]
[39.7–41.6]
[42.0–43.9]
[41.0–43.0]
[41.1–43.1]
[41.8–43.8]

100-year RL

Table 10. 30-, 50- and 100-year stationary RLs computed for two future periods by evaluating the changes in mean and variance of summer daily
maximum temperature by extrapolating the observed trends or by using climate model simulations, according to the K hypothesis
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The computation of future mean and standard deviation is proposed in two ways: ﬁrst, by
extrapolating the identiﬁed trends in mean and variance of the observed series, and secondly by using
climate model simulations. This has been tested for a selection of RCM simulations conducted in the
framework of the European ENSEMBLES project.
Table 9 summarizes the different RLs obtained with the nonstationary deﬁnition and Table 10 those
obtained with the stationary one for ﬁxed future periods. Globally, the extrapolation of trends in the
parameters of the extreme value distributions have limitations when levels associated to high return
periods are concerned. As a matter of fact, the assumption that the trend will remain the same becomes
very strong for long future periods. On the other hand, the trends in EVT are derived from quite limited
samples regarding the total number of values in the series, and are therefore certainly less robust than
trends identiﬁed from the whole sample. In that sense, the use of the K hypothesis seems more
promising. The best way could then be to derive the mean and standard deviation changes from an as
wide as possible range of climate simulations, to get a distribution of possible RLs for different future
periods. However, further studies should be devoted to the analysis of the climate model behavior
regarding mean, and especially variance evolution at the local scale. This could then be used to weight
the different simulations in the distribution of obtained RLs.
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