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Instituto Superior Técnico, Lisboa, Portugal

November 2019

Abstract

A rigorous evaluation of the magnitude, frequency, trends, spatial dependence, and direction of
high-speed winds is important for safety and industrial applications. In this work, wind extremes
are analyzed for 20 weather stations in north-western Germany from 1980 to 2017, considering two
different seasons: summer and winter. First, standard peaks-over-threshold techniques are applied,
and return levels are estimated. Next, a new approach developed in Cabral et al. (2019) is applied to
the present data. Space-time trends of wind extremes are evaluated through a scedasis function. This
function is also used to assess inhomogeneities of extreme events across space and time and to achieve a
stationary process. Then, variability in space is studied for the related stationary pseudo-observations.
Destructive wind velocities are found and predicted to occur mostly on coastal stations, especially in
the western and north-western directions and in winter. The results show a clear distinction between
two regions: northern coastal region, where extreme wind events occur more frequently and with higher
magnitude and a calmer southern region. We found no significant long-term trends in the frequency
and direction of wind extremes. However, inhomogeneities are detected in both space and time for
most stations. Variability in extremal occurrence increases with distance and displays anisotropy.
Finally, a weak dependence is found between the extremes of wind and precipitation.
Keywords: North-western Germany wind extremes, extreme value theory, peaks-over-threshold,
non-stationarity, temporal extreme trends, wind direction

1. Introduction

An accurate grasp on the spatial variation of the
magnitude and frequency of extreme wind events
is useful to risk assessment, namely, to determine
which regions are more vulnerable to wind damage.
This knowledge permits a more efficient planning
since more resources can be delivered to more risky
areas. When constructing new buildings or protect-
ing existing ones from wind damage, it is also conve-
nient to know the medium to long-term frequency,
magnitude, and direction of extreme wind veloci-
ties; this can assist the decision of the buildings’
design and materials. On a broader scale, detecting
temporal and spatial trends in wind extremes is rel-
evant for the current discussion on climate change.

The core of this work is based on the method-
ology developed in Cabral et al. (2019). The pa-
per proposed a new approach for evaluating tem-
poral trends and spatial homogeneity in extremes,
accounting also for spatial dependence. The ap-
proach was efficient in dealing with non-stationary
data, which is typically challenging, and is usually
the case when working with environmental vari-

ables. The way it deals with non-stationarity is first
to have a procedure to obtain a stationary process
and then perform the statistical analysis. A con-
stant shape parameter (i.e. the fundamental pa-
rameter governing the heaviness of the distribution
function’s tail) is assumed throughout space and
time. This work also explores more in-depth the
problems that emerged from the previous method-
ology, such as the choice of the threshold when ap-
plying the peaks-over-threshold (POT) methodol-
ogy, the selection of the optimal bandwidth when
estimating the scedasis function, and the fitting of
the anisotropic power variogram model.

A common way of addressing non-stationarity
in extreme value theory (EVT) models is to in-
clude covariates, such as space and time, in the
model parameters (cf. Velthoen, Cai, Jongbloed,
and Schmeits, 2018). A recent review of non-
stationarity EVT approaches can be found in Huser
and Genton (2016). Before carrying out the ap-
proach in Cabral et al. (2019), we applied tradi-
tional POT analysis in EVT. The achieved results
are in agreement with a similar classical analysis on
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wind extremes in Switzerland found in Ceppi et al.
(2008). An extreme value analysis of winter storms
in Germany is done in Hofherr and Kunz (2010)
where the created storm hazard maps indicate that,
in north-western Germany, the Wadden sea and the
coastal regions are the most problematic ones.

There are several papers reviewing and compar-
ing methods of extreme wind speed estimation (e.g.
An and Pandey, 2005; Palutikof, Brabson, Lister,
and Adcock, 1999; Walshaw, 1994). As a final note,
literature on the directional modeling of extreme
winds is very sparse (Coles and Walshaw, 1994 de-
veloped a directional covariate model for extreme
wind gusts).

The following diagram outlines the workflow of
this thesis and should assist in its navigation.

Figure 1: Diagram illustrating the thesis workflow

2. Background
2.1. Individual station analysis

The POT approach provides a model for indepen-
dent exceedances above a large threshold. Let
X1, X2, . . . Xn be a sequence of independent and
identically distributed random variables, and for
simplicity assume γ 6= 0. Then, for for large enough
threshold u, the CDF of (X − u), conditional on
X > u is approximately the generalized Pareto dis-
tribution (GPD):

GPDσ,γ(x) = 1−
(

1 + γ
x

σ

)−1/γ
, (1)

defined on the set {x: x > 0 and (1 + γx
σ > 0) },

for some γ 6= 0 (shape parameter) and σ > 0 (scale
parameter). These parameters can be estimated by
maximum likelihood. Extreme value models can
be more conveniently interpreted using quantiles or
return levels, instead of model parameters. Hence,

the return level xm that is exceeded on average once
every m observations is given by:

x̂m = u+
σ̂u
γ̂u

[
(mζ̂u)γ̂u − 1

]
, (2)

where σ̂u, γ̂u are the estimated scale and shape pa-
rameters, and ζ̂u is the sample proportion of points
exceeding u. A detailed introduction to extreme
value theory can be found in de Haan and Ferreira
(2006). The GPD will be used to model exceedances
for each of the 20 weather stations individually, and
return levels will be estimated.

2.2. Aggregated station analysis
Let the hourly mean wind velocity over the region
S ⊂ R2, be represented by a continuous stochastic
process X = {X(s)}s∈S . Then the process is ob-
served through time: let Xi(s) represent the mean
hourly wind velocity at location s ∈ S and time
index (hour) i. In practice, there are observations
at locations sj , j = 1, . . . ,m, at each time index
i = 1, . . . , n, giving a total number of N = n ×m
observations. Let Fi,s(x) = P {Xi(s) ≤ x} denote
the marginal univariate cumulative density function
(CDF), supposed continuous with a common right
endpoint x+. The main elements of the approach
are:

(i) a continuous and strictly positive function
c(t, s) on [0, 1]× S, the so called scedasis func-
tion, to evaluate and model space-time trends
in extremes.

(ii) a latent strictly stationary process Z =
{Z(s)}s∈S , related to the observable process
X = {X(s)}s∈S through

lim
x→x+

P {Xi(s) > x}
P {Z(s) > x}

= c

(
i

n
, s

)
, 1

m

m∑
j=1

∫ 1

0

c(t, sj)dt = 1

 ,

(with identifiability condition in parenthesis),
assumed to hold uniformly throughout space
and time. For theoretical reasons it is con-
venient to compress time in the interval [0,1],
where i/n (i = 1, . . . , n) corresponds to the
continuous time parameter t ∈ [0, 1]. The
scedasis function c(t, s) captures the frequency
of extremal exceedances jointly in space and
time relative to a strictly stationary process.

For {Z(s)}s∈S we assume:

(iii) it has a continuous marginal CDF FZ(x) =
P {Z(s) ≤ x} with the same common right
endpoint as Fi,s.
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(iv) each Z(s) verifies the standard univariate max-
imum domain of attraction condition for some
γ ∈ R.

To estimate the scedasis function, we adopt a
spatial POT approach. We take a common high-
threshold ÛZ over space and time, where ÛZ =
XN−k,N is given as the k-th upper order statistic
from all N observations. For estimating c(·, sj) we
adopt a kernel-type density estimator to the thresh-
old exceedances:

ĉ(t, sj) =
1

kh

n∑
i=1

1{Xi(sj)>ÛZ}G

(
t− i/n
h

)
, (3)

where we take for the kernel, G(x) = (15/16)(1 −
x2)2, x ∈ [0, 1]. The previous estimator can be
seen as a type of density estimator related to the
integrated function Cj(t) =

∫ t
0
c(u, sj)du, that can

be estimated by

Ĉj(t) =
1

k

[nt]∑
i=1

1{Xi(sj)>ÛZ}

 m∑
j=1

Ĉj(1) = 1

 .

(4)
Next, we present statistical tests for evaluating

homogeneity in space and time. These are based
on the quantities:

Cj(1) =

∫ 1

0

c(t, sj) dt and
c(t, sj)

Cj(1)
,

representing respectively, temporal aggregation of
exceedances for location sj and the normalized evo-
lution of exceedances in time at each location. If
the extremal behavior is homogeneous over space,
then the exceedances aggregated over time should
be the same at each location. On the other hand,
a constant temporal extremal behaviour means a
constant c(t, sj) function. This motivates tests for

homogeneity of exceedances over space (H
(J1)
0,j ) and

time (H
(J2)
0,j ) with null hypotheses.

H
(J1)
0,j : Cj(1) =

1

m
, H

(J2)
0,j :

Cj(t)

Cj(1)
= t. (5)

Furthermore, the given framework provides a re-
lation between the observed non-stationary pro-
cess and the latent stationary processes. Then,
from the real observations {Xi(sj)}i,j above a com-

mon threshold ÛZ one can obtain high pseudo-
observations of {Zi(sj)}i,j by (6) (at the bottom
of next page), where γ̂ and σ̂ are obtained by fit-
ting the exceedances of all stations to a GPD. Af-
ter computing the stationary pseudo-observations,
the modeling concentrates on understanding the re-
maining extremal spatial structure, through the ex-
tremal coefficient and the variogram.

The extremal coefficient L(1, 1) arises from the
tail dependence function L (de Haan and Ferreira,
2006) and its well known non-parametric estimator
adapted to our case is

L̂sj1 ,sj2 (1, 1) =
1

k

nsj1
,sj2∑

i=1

1{Xi(sj1 )>Yj1
orXi(sj2 )>Yj2

},

(7)
where Yji = Xn−k,n(sji), computed for each pair of
stations (sj1 , sj2) with nsj1 ,sj2 joint exceedances.
Theoretically, 1 ≤ L(1, 1) ≤ 2 with the lower and
upper boundary cases representing complete depen-
dence and full independence, respectively.

The (semi-) variogram is generally defined as,

v(h) =
1

2
var {Z(s+ h)− Z(s)} ,

for lag h ∈ R2. The variogram intends to charac-
terize variation in space by measuring evolution of
dissimilarities in Z(s + h) − Z(s) with lag h. The
empirical variogram v̂ is obtained for all pairs of
stations (sj1 , sj2) with joint exceedences nsj1 ,sj2 by

v̂(sj1 − sj2) =
1

2nsj1 ,sj2

nsj1
,sj2∑

i=1

(zi(sj1)− zi(sj2))
2
.

(8)
To model the empirical variogram we use the para-
metric anisotropic power variogram:

vb1,b2,θ,α(h) = ‖A(b1, b2, θ)h‖α,

A(b1, b2, θ) =

(
b1 cos θ b1 sin θ
−b2 sin θ b2 cos θ

)
,

with h ∈ R2, b1, b2 > 0, θ ∈ (−π/2, π/2], α ∈
(0, 2], and the matrix A to account for geometric
anisotropy.

3. Implementation
The wind data was gathered from the Ger-
man meteorological service, Deutscher Wetterdi-
enst (DWD): ftp://ftp-cdc.dwd.de/test/CDC/

observations_germany/climate/. The data con-
sists of hourly mean wind speed (in m/s) and di-
rection (in degrees). The present study focused on
the north-western (NW) region of Germany, par-
ticularly the states of Lower Saxony, Bremen, and
Hamburg, from 1980 to 2017. Furthermore, the
data was divided into two periods, which we refer to
as summer (from May to September) and winter
(from October to April), and was submitted to an
independence procedure (that seeks to avoid losing
extremal information).

3.1. Threshold selection procedures
The GPD fit requires first the selection of an ap-
propriate threshold u = XN−k,N . A threshold u
too small leads to bias, due to the violation of the
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asymptotic limit, and a threshold too high leads to a
high variance, due to the smaller number of excesses
used in the inference. Visual diagnostic plots exist
to assist the selection of the threshold, and this work
considers stability plots for the scale and shape pa-
rameters, distance between empirical and fitted dis-
tributions, and the mean excess plot. The first one
consists in evaluating the stability of the parame-
ters’ estimates, based on fitting the GPD distribu-
tion across a range of thresholds u, and picking the
lowest u from which the shape estimates γ̂u are con-
stant, and the scale estimates σ̂u are linear. The
second one is based on selecting the threshold u
that minimizes the distance between the empirical
CDF and the fitted GPD for excesses. Finally, the
last one consists of plotting the average of the ex-
cesses across a range of thresholds and picking u
from which this average is approximately linear. A
threshold selection panel was built in R that incor-
porates all the previous plots, where the stability
of the shape parameter was given the most impor-
tance. All GPD fits performed in this work were
reliable as indicated by the diagnostic panels (built
to assess the “goodness of fit” graphically).

3.2. Bandwidth selection for scedadis function
For selecting the bandwidth h of the scedasis func-
tion (3) we considered the least squares cross-
validation method and a plugin method. The first
one, which was found to be more reliable, consists
in finding for each station the optimal bandwidth
h0 that minimizes J(h):

J(h) =

∫
f̂h(y)2dy − 2

k

k∑
i=1

f̂(h,i)(Yi), (9)

with f̂(h,i) being the leave-one-out version of f̂h:

f̂(h,i)(y) =
1

k − 1

k∑
j=1,j 6=i

G

(
y − Yj
h

)
, (10)

where fh is a kernel density function, which in this
case is the scedasis function, G is the kernel, and
Y1, . . . , Yk are the time of k exceeding observations.
The previous method was applied to each station
individually, and a common bandwidth of h = 0.05
was chosen for all stations and seasons.

4. Results
Wind extremes are studied for 20 weather stations
shown in Fig. 2. We define as coastal stations, the
4 stations with highest return levels in Fig. 5.

4.1. Individual station analysis

Before applying the aggregated station analysis, the
excesses of a given threshold were evaluated inde-
pendently for each station and fitted to a GPD.
Therefore, the threshold selection panels were used
to evaluate the optimal threshold velocity for each
station. The results are shown in Fig. 2. After
selecting the wind velocity threshold for each sta-
tion, the shape and scale parameters of the GPD
(cf. Figs. 3 and 4), and return levels for return
periods of 1,10, and 20 years (cf. Fig. 5) were es-
timated for each station. We focus our results to
winter since this was the most active season.

The shape estimates, which define the behavior
of the tail of the GPD, display small spatial varia-
tion and its values usually range from -0.2 to -0.05.
A negative shape parameter indicates that the ex-
treme wind distribution has a finite upper endpoint.
The scale parameter, which measures the spread of
the distribution, is higher for more wind exposed
stations, namely, the coastal stations. The previ-
ous results are consistent with the theoretical as-
sumptions of the developed methodology, namely a
constant shape and a possible varying scale param-
eter. Also, there is a great overlap in the 95% confi-
dence intervals of the shape parameter obtained in
this individual analysis with the shape parameter
obtained in the aggregated analysis (cf. Table. 1).

Return levels can be used to determine which are
the most problematic stations and what extreme
velocities are expected to occur for different return
periods. For instance, in winter station 6 (station
with highest return level in Fig. 5) has a return
level of 25 m/s for a return period of 20 years, mean-
ing that (hourly mean) observations that exceed 25
m/s, corresponding to a storm event, are expected
to occur once every 20 years. Also, for the coastal
stations in winter, a strong gale occurs for a return
period of 5 years.

4.2. Aggregated station analysis

The first challenge was to select a common space-
time wind velocity threshold ÛZ . Afterward, the
analysis is done by aggregating wind velocities from
all stations and fitting the excesses of threshold ÛZ
to a GPD. The resulting shape and scale param-
eter estimates, along with the estimated scedasis
function will be used to compute the high pseudo-
observations Z, from which we evaluate the spatial
dependence and variability in extreme occurrences.

The common space-time threshold ÛZ was chosen

Ẑi(sj) =

{
ĉ

(
i

n
, sj

)}−γ̂ [
Xi(sj)−

{
ĉ
(
i
n , sj

)}γ̂ − 1

γ̂

{
σ̂ − γ̂ ÛZ

}]
, i = 1, . . . , n, j = 1, . . . ,m (6)
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Figure 2: Chosen threshold velocity (m/s) in winter

Figure 3: ML estimates of the GPD shape parame-
ter in winter for each station

Figure 4: ML estimates of the GPD scale parameter
in winter for each station

Figure 5: Return levels in winter, for a return pe-
riod of 20 years

season k ÛZ γ̂ σ̂ % above

winter 5000 10.1 -0.054 2.523 5.6

summer 3000 8.6 -0.059 2.078 4.7

Table 1: Chosen threshold, GPD parameters’ esti-
mates for winter and summer and percentage of
observations above the chosen threshold

with the aid of the threshold selection panel, aggre-
gating the wind velocity data from all stations. The
selected thresholds and GPD parameter estimates
can be found in Table 1 for winter and summer.

Since we are working with hourly means, a
threshold velocity of 10.1 m/s might mean pro-
longed damage over an hour, and the possibility
of wind gusts with velocity higher than 10.1 m/s.
The 95 % confidence intervals for the shape parame-
ter are [-0.082,-0.027] and [-0.093,-0.026] for winter
and summer, respectively, and for the scale param-
eter are [2.425,2.623] and [1.976,2.180]. One can
observe that the threshold velocity and scale esti-
mated for summer are lower than the ones obtained
in winter. Thus, the winter season is the most
problematic one when it comes to the occurrence of
high wind speeds.

The non-stationarity and trend analysis are based
on the estimates ĉ(t, sj), Ĉj(1), and the statistical
tests. The ĉ(t, sj) estimates can be visualized in
Figs. 6 and 7; and the statistical tests in Fig. 8.

The total amount of exceedances, given by Ĉj(1),
is very heterogeneous from station to station, and
this heterogeneity seems to be more pronounced in
summer. For instance, station 6 had over 800 ex-
ceedances, while the least active station only had
6 exceedances. The coastal stations are the ones
with the highest number of total exceedances Ĉj(1)
in both seasons. This heterogeneity is also visu-
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(a) winter

(b) summer

Figure 6: Density plots of ĉ(t, sj) over time t (1980–
2017) and stations j = 1, . . . , 20 ordered by increas-
ing number of total exceedances (Ĉj(1)) over the
fixed threshold

ally clear in the ĉ(t, sj) plots (cf. density plots in
Fig. 6) since the bottom side of the plots (where
the coastal stations are represented) is yellow/red,
while the rest is blue/white.

These results are in concordance with the spa-

tial stationarity tests H
(J1)
0,j . The upper spatial

test is rejected for the coastal stations, in both sea-

Figure 7: Values of ĉ(t, sj) in winter at 1995, and
2015

sons, while most of the other stations are significant
for the lower test. This pronounced heterogeneity
is problematic because the developed methodology
does not capture the extreme behavior of the least
active stations, efficiently. Thus, based on the spa-
tial stationarity tests, the whole region can be seg-
mented into two: one coastal region, comprised of
the 4 coastal stations; and another region comprised
of the other stations. The extreme behavior of the
coastal stations is already captured when dealing
with the whole region, so a separate study will only
be done considering the least active stations.

Regarding homogeneity in time, it is rejected for
most stations when the whole region is taken into
consideration. Although spikes in extreme wind ac-
tivity can be found for isolated periods of time,
there does not seem to be long-term trends in ex-
treme wind occurrence (cf. density plots in Fig. 6).

Next, we apply transformation (6), which al-
lows to obtain approximately stationary pseudo-
observations. Fig. 9 shows that the transformation
was successful in capturing values above the thresh-
old ÛZ (shown in Table 1).

Fig. 10 shows estimates of L(1, 1) for all pairs
of stations from the original and transformed sam-
ples. The similarity in the extremal coefficient, be-
fore and after transformation, indicates that the
dependence structure is preserved. Generally, it
is observed, as expected, that as the distance be-
tween stations increases, the extremal behavior be-
comes more independent (since L̂(1, 1) approaches
the value 2). This coincides with the intuitive no-
tion that closer stations exhibit similar behavior
while stations that are farther away exhibit more in-
dependent behavior. The extremal coefficient also
seems to display higher values on summer across
all distances, indicating a weaker dependence in the
occurrence of extreme events in this season.

The empirical variogram was estimated and fitted
to the anisotropic power model. The model fitted

6



(a) HJ1
0,j

(b) HJ2
0,j

Figure 8: Space (a) and time (b) homogeneity tests
with Bonferroni correction considering all stations.
(a) Significant stations in the upper spatial test are
marked with (>), and in the lower test (<). (b)
Non-significant stations are marked with • and sig-
nificant stations �. Significant stations in both sea-
sons are yellow colored, only significant in winter
blue, and only in summer red

parameters are shown in Table 2, and the 2D and
1D plots of the variogram are displayed in Figs. 11
and 12. Higher variogram values in a given direction
indicate higher dissimilarity (or variability) of the
data in that direction. The parameters b1 and b2 are
related to the growth rate of the variogram in direc-
tions θ and θ+π/2, respectively, and since b̂2 > b̂1 in
both seasons, the direction with larger variability is
θ+ π/2. Notice that in Fig. 12, the variogram over
the direction θ + π/2 is considerably higher. Also,

Figure 9: Box plots of hourly mean wind velocity in
m/s (excluding zeros) at the 20 stations ordered by
altitude in winter; in grey the observed data and
in blue the transformed data

season b̂1 b̂2 θ̂ α̂

winter 0.015 0.040 0.504 0.648

summer 0.007 0.036 0.351 0.543

Table 2: Parameters of the anisotropic power vari-
ogram model

the variogram in winter seems to be slightly higher
in comparison with summer. The anisotropy is vis-
ible in Fig. 11 and the anisotropic ratio (b̂2/b̂1) is
2.67 and 5.15 in winter and summer, respectively.
The density plots show that the empirical variogram
has a lot of irregularities that are not captured by
the anisotropic power model. Nonetheless, variabil-
ity seems to be smaller along the south-east – north-
west line.

4.3. Aggregated station analysis of least extreme
stations

The methodology applied to the whole region was
repeated considering only the least extreme sta-
tions. The estimates of Cj(1) reveal that hetero-
geneity in the total amount of exceeding events is
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Figure 10: Plot of L̂(1, 1) evaluated w.r.t. |h|, the
absolute distance in km between two pair of stations
before (blue) and after (orange) transformation (6)
in winter

Figure 11: Density plot of the empirical variogram
w.r.t. h1 and h2 (in km) in winter, the distances in
the latitudinal and longitudinal lines between sta-
tions; on top (black lines) theoretical power vari-
ogram fit level curves

still present but is less pronounced in comparison
with the whole region. The statistical tests that
evaluate the homogeneity in space and time are
still rejected for most stations. Even though ex-
treme occurrence displayed some variation across
time, no significant temporal trends were noticed
in both seasons. In comparison with the whole
region, the resulting L(1, 1) estimates are slightly
lower, and the variogram is generally lower across
distance (the maximum is around 2, while in the
whole region it is around 7), indicating a slightly
stronger dependence, and smaller variability, in ex-
tremal occurrence, across distance.

Figure 12: Scatter plot of the variogram estimates
over distance in winter; each dot corresponds to
the variogram estimate for a pair of stations at dis-
tance |h| km; each lines corresponds to the fitted
anisotropic power variogram model along directions
θ̂ and θ̂ + π/2

4.4. Directional analysis

The wind velocity data from each station was
segmented into 6 direction intervals: ]0o, 60o];
]60o,120o]; ]120o, 180o]; ]180o,240o]; ]240o,300o];
]300o,360o]. The 95% quantiles were used as thresh-
old velocities, and the excesses for each station and
direction were modeled with a GPD. From the 50-
year return levels (cf. Fig. 13), it is visible that
the most problematic stations are the coastal ones
in winter, and in the direction interval ]240o, 360o],
where strong gale and storm events are expected to
occur. For most of the other stations, the interval
]180o,360o] has the highest 50-year return levels.

Then, we adapted the c(t, sj) and Cj(t) functions
seen before, to deal with l = 6 equally spaced di-
rection intervals ∪r=1,...,lΘr =]0o, 360o], to obtain
ĉr(t, sj) and Cj,r(t).

Cj,r(1) gives the proportion of exceeding obser-
vations for station j at the direction interval Θr,
relative to the total number of exceedances k. Fig.
14 shows Cj,r(1) for winter, with the same thresh-
olds used in the aggregated analysis in the whole re-
gion (cf. Table 1). A darker region is visible where
most of the exceedances occur, namely in the inter-
val ]220o,330o]. Stations 6 and 2 also contain some
exceedances in the ]0o,90o] and ]80o,140o] intervals,
respectively.

Additionally, we can visualize ĉr(t, sj) to know
how the direction of wind extremes evolved with
time. Fig. 15 shows the ĉr(t, sj) function for station
1 (coastal station) and station 8 (inland station) in
winter. For most stations, the most common direc-
tion interval of extreme occurrence stays constant
with time. In this sense, no long-term trends were
found in the direction of extreme wind events. For
the least active stations, the ĉr(t, sj) function is 0
for most directions (the most common directions are
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Figure 13: 50-year return levels for each station and
direction intervals in winter, illustrated with differ-
ent colors. The size of each slice is proportional to
the velocity threshold. The highest threshold was
found in station 6 at ]300o,360o] with 14.2 m/s

Figure 14: Ĉj,r(1) estimates, across different direc-
tions and stations (ordered by increasing number of
exceedances) in winter

the western and north-western), and there are pe-
riods with no exceedances, which brings some con-
cerns on the consistency of the results.

4.5. Extreme behavior of wind and precipitation

The extremal coefficient L(1, 1) was adapted to deal
with wind velocities (in m/s) and precipitation to-
tals (in mm) of the same station. The thresholds
selected for the wind (uw) and precipitation (up)
processes are different and were based on the quan-
tiles of each process. Adapting (7) we obtain:

L̂j(1, 1) =
1

k

n∑
i=1

1{Wi(sj)>uw or Pi(sj)>up}, (11)

(a) Station 1

(b) Station 8

Figure 15: ĉr estimates for station 1 and 8 in winter

where Wi(sj) and Pi(sj) represent wind velocity
and precipitation totals in station j and time in-
dex i. Fig. 16 was obtained considering the daily
maximums of the (hourly mean) wind velocity. As
the threshold of the wind velocity and precipitation
series increase, the Lj(1, 1) estimates also increase,
and for high thresholds (corresponding to the 90%
and 95% quantiles of each series), L̂j(1, 1) is higher
than 1.75 for all stations, indicating a weak depen-
dence between the occurrence of high wind speeds
and heavy precipitation.

Finally, different bivariate extreme value distri-
butions were used to model the bivariate extremes
of wind velocity and precipitation totals. These
dependence models contain a parameter β, which
evaluates the dependence between the extremes of
both processes. For instance, in the logistic model
total independence is obtained when β = 1, while
total dependence is obtained for β = 0; for the neg-
ative logistic model total independence is obtained
for β = 0, while total dependence is obtained for
β →∞. The following results are relative to station
8 in winter, where a slightly stronger dependence
was found. The thresholds were 11 mm for precip-
itation and 16.3 m/s for wind speed, obtained by
inspecting the threshold diagnostic panels for each
process. The dependence model with the lowest
AIC was the negative logistic model with β̂ = 0.45
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Figure 16: Estimates of Lj(1, 1) in winter, for dif-
ferent stations and thresholds (based on the quan-
tiles of each series)

(β̂ = 0.43 in summer). The other models also seem
to suggest a weak dependence between the extremes
of both processes, for instance the logistic model
had β̂ = 0.83 (β̂ = 0.85 in summer).

5. Conclusions

The POT methodologies, both in the individual
and aggregated station analysis, were found to
be insightful and provided some useful informa-
tion about the extreme wind climatology in north-
western Germany, which might be useful for risk
assessment and industrial applications.

The GPD proved to be very reliable at modeling
each stations’ wind excesses above a high thresh-
old velocity. Higher return levels are estimated for
the coastal stations in winter, and the western and
north-western directions. There are pronounced in-
homogeneities in the occurrence of extreme wind
events, in both space and time. The spatial homo-
geneity tests suggested the existence of two different
regions, regarding extreme behaviors: a very windy
coastal region and a southern less active region.
Furthermore, no long-term trends in the magnitude
and direction of extremes were detected. Variability
of extreme occurrence increases with distance and
displays anisotropy. Finally, a weak dependence is
found between the extremes of wind and precipita-
tion.

If more data was available, a more precise study
could have been done using more locations, more
years and more granular data, for instance, recorded
second by second, and with a finer direction reso-
lution. This would provide a better spatial, tem-
poral, and directional resolution, giving even more
information of extreme wind climatologies, together
with more reliable estimates. Moreover, the studied
region was restricted to north-western Germany, to

compare with the results in Cabral et al. (2019), but
other geographical regions could have been studied.
For instance, it would be interesting to extend the
methodology to allow different shape parameters
(γ) over space, for covering wider regions. Finally,
it would also be interesting to relate the obtained
EVT results with the underlying physical processes
that govern wind climatology (e.g. cause-effect).

References
Y. An and M. Pandey. A comparison of methods of

extreme wind speed estimation. Journal of Wind
Engineering and Industrial Aerodynamics, 93(7):
535 – 545, 2005. doi: 10.1016/j.jweia.2005.05.003.

R. Cabral, A. Ferreira, and P. Friederichs. Space-
time trends and dependence of precipitation ex-
tremes in north-western Germany. Environ-
metrics: accepted for publication, 2019.

P. Ceppi, P. M. Della-Marta, and C. Appenzeller.
Extreme Value Analysis of Wind Speed Obser-
vations over Switzerland. Arbeitsbericht Me-
teoSchweiz, 219, 2008.

S. G. Coles and D. Walshaw. Directional Modelling
of Extreme Wind Speeds. Journal of the Royal
Statistical Society, Series C, 43(1):139–157, 1994.
doi: 10.2307/2986118.

L. de Haan and A. Ferreira. Extreme Value Theory:
An introduction. Springer, New York, 2006. doi:
10.1007/0-387-34471-3.

T. Hofherr and M. Kunz. Extreme wind climatology
of winter storms in Germany. Climate Research,
41(2):105–123, 2010. doi: 10.3354/cr00844.

R. Huser and M. Genton. Non-Stationary Depen-
dence Structures for Spatial Extremes. Jour-
nal of Agricultural, Biological and Environ-
mental Statistics, 21(3):470–491, 2016. doi:
10.1007/s13253-016-0247-4.

J. P. Palutikof, B. B. Brabson, D. H. Lister,
and S. T. Adcock. A review of methods to
calculate extreme wind speeds. Meteorologi-
cal Applications, 6(2):119 – 132, 1999. doi:
10.1017/S1350482799001103.

J. Velthoen, J.-J. Cai, G. Jongbloed, and
M. Schmeits. Improving precipitation forecasts
using extreme quantile regression. 2018. arXiv
preprint arXiv:1806.05429.

D. Walshaw. Getting the Most From Your Extreme
Wind Data: A Step by Step Guide. Journal of
Research of the National Institute of Standards
and Technology, 99(4), 1994.

10


	Introduction
	Background
	Individual station analysis
	Aggregated station analysis

	Implementation
	Threshold selection procedures
	Bandwidth selection for scedadis function

	Results
	Individual station analysis
	Aggregated station analysis
	Aggregated station analysis of least extreme stations
	Directional analysis
	Extreme behavior of wind and precipitation

	Conclusions

