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Abstract. This paper presents a stochastic weather generator Several random weather generators have been developed,
based on analogues of circulation (AnaWEGE). Analogueswith the aim of simulating long sequences of precipita-
of circulation have been a promising paradigm to analysetion, for agronomical applicationd/avromatis and Hansen
climate variability and its extremes. The weather generator2001 Huth et al, 2001, Hansen et al.2006 Semenov and
uses precomputed analogues of sea-level pressure over tiBarrow, 1997 Flecher et a].201Q Busuioc and von Storch
North Atlantic. The stochastic rules of the generator con-2003, by using an empirical relation between large and small
strain the continuity in time of the simulations. The generatorscale variability. Such tools can simulate thousands of years
then simulates spatially coherent time series of a climate variwith daily increments in just a few minutes. This ease of use
able, drawn from meteorological observations. The weathehas been an incentive for the development of such applica-
generator is tested for European temperatures, and for wintdrons.
and summer seasons. The biases in temperature quantiles andOne of the limitation of many random weather generators
autocorrelation are rather small compared to observed variis their lack of spatial coherence, unless it is imposed on the
ability. The ability of simulating extremely hot summers and marginal distributions of a variable at two locations or more
cold winters is also assessed. (Naveau et aJ.2009. Such a spatial constraint is technically
difficult to impose, because there is an infinity of choices
for models of spatial covarianc&¢holzel and Friederichs
1 Introduction 2008. Empirical methodologies considering spatial coher-
ence have been tested for precipitation in the USWIKs,
Weather generators are tools to generate random time serid999 Schoof and Robeso2003 or Australia (Vestra and
of climate variables (generally precipitation, temperature orSharma2009. Stochastic models that use a decomposition
wind speed) with realistic statistics. Such statistics can be th@f the atmospheric circulation into weather types and their
mean, variance or quantiles of the variables. More sophistiempirical relation with surface variables have also been de-
cated statistical quantities can be evaluated (e.g. persistencegloped Bissolli and Dittmann 2001 Kreienkamp et aj.
power spectra, skewness, etc.), depending on the applicatio?013 for European climate.
of the weather generator. Their realism is tested on meteo- This paper presents a random weather generator
rological observations. Their use is mainly to simulate long (AnaWEGE) based on circulation analogu&&utard and
series at local spatial scales that are not accessible to generéiou, 2009 Yiou et al, 2012. This weather generator pre-
circulation models (GCMs) or even regional climate modelsServes spatial constraints by construction and can be used to
(RCMs). Empirical probability distributions of relevant cli- generate time series of climate variables such as temperature,
mate variables can hence be estimated from those weath@recipitation or wind speed, distributed over a continent. The
generator simulations. principle is similar to the one derived from weather types
(Bissolli and Dittmann2001; Kreienkamp et a).2013,
although the constraint on the existence of clusters is
relaxed.
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The paper first presents the method of analogues of cir-
culation. Two stochastic methodologies are proposed for a
stochastic weather generator based on analogues of circula-
tion. The first one is a perturbation of an observed sequence
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of climate variables. The second one allows one to explore® g J» — ;
several likely sequences of a climate variable. This weather 8 ; ; —
generator is tested for temperature observations over Europe, g | =——— i !
with a focus on time autocorrelation, and quantile properties. B : ‘ —
The ability of the weather generator to simulate hot summers SUMMER FALL WINTER SPRING
and cold winters is also tested. The motivation stems from

an application to the energy sector, because peaks of energy .

consumption occur during cold winters (for heating) and hot — —4— - —

summers (for air-conditioning in buildings).
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2 Analogues of circulation
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The preliminary step of the weather generator is to com-
pute analogues of circulatiohgrenz 1969 Van den Doq|
1994 van den Doaql 2007 Zorita and von Storch1999.

This computation is done once (before using the Weathe'i:ig. 1. Scores of daily analogues for each season. Upper panel:

generator), and the resulting analogues are used to genegys values (in Pa). Lower panel: pattern rank correlation between
ate weather time series. Here, the terminologyiou et al. RMS analogues and actual SLP.

(2012 for computing analogues of circulation is recalled.
The analogues of circulation are computed from daily sea-
level pressure (SLP) data. The data is extracted from the The analogues are computed by minimising the root mean
National Centers for Environmental Prediction (NCEP) re- square (RMS) distance between $jPand SLR;] overs;:
analysis dataKalnay et al, 1996 for daily SLP between
1 January 1948 and 31 December 2012. The SLP data have |:

W‘ﬂerex is the spatial dimension. Here the figst= 20 ana-

SUMMER WINTER SPRING

a horizontal resolution of 2.5 2.5°. We focus on the North  p(;, ;') =
Atlantic region (80 W=3C E; 30° N-7C° N). This region is
chosen because it encompasses the atmospheric patterns t

2

X

1/2
(SLPLx, j]— SLPLx, j/])z] : @

influence surface temperature and precipitation over Europ
(Hurrell et al, 2003 Cassou et a12005. Of course other re-
analysis datasets or climate model simulations could be s
stituted to the NCEP reanalysis, for instance CMIP5 simula-

ub=

"?ogues of the target SLP of dgyare considered, i.e. the ones

achieving thek =20 smallest RMS values ovef;. The
choice of the RMS as a distance to minimise is debatable.

Other distances can be chosen (e.g. Mahalanobis or “taxi-

tions (Taylor et al, 2012.
Each day; between 1 January 1948 and 31 Decem
ber 2012 can be written:

cab”). TheMahalanobiq1936 distance is potentially inter-
“esting because it normalizes the data by their spatial covari-
ance structure. But it is a computational burden that makes it
(1) almost ten times slower than RMS, due to repeated products
of large matrices.

wherey is the year (between 1948 and 2012)is the month For each dayj € [1 January 1948, 31 December 2012],
(between 1 and 12) andlis the day (between 1 and 31). In K = 20 analogues of SLP are obtained, with days(k €
the sequel, days of the year are encoded in this manner. B{1- K1) in years different than those gt For all analogu.es,
convention, thealendar dayof j is: he spatial ran_k correla_ltlon between §LiPand S_LFEJJ.] is
computed. This score is used to provide an objective degree
of similarity between the target SLP and its analogues: cor-
relation values lie betweenl and 1 ang values can be ob-
tained for statistical significance. The (Spearman) rank corre-
lation measures the pattern similarity, rather than the average
field proximity captured by the distance, although correlation
is not adistancein the mathematical sense.

The distribution of RMS and correlation values for the 20
first analogues are indicated in Fit). They are computed
for the four seasons (winter, spring, summer and fall). The

j=y10* + m10° +d,

k(j)=ml0®+d. 2)

For each “target” day, the setS; of days ;' = y'10% +
m'10% +d’ is determined, where’ # y, and thecalendar
distances(j, j') between; and ' is less than 30 days. The
calendar distance is the number of days that sepaigte
andk (j). The setS; is:

Sj={j' =y 10*+m' 10 +d',y' #y,8(j. j) <30  (3)
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. For each day, the analogues with the maximum, median
i 3 —— g and minimum correlations are determined. Their ranking ac-
. E :1 3 cording to RMS value is shown in Fig.(lower panel). This
% z ! 3 : shows that the analogues with high, median or low correla-
5 S T : tions roughly yield low, medium and high RMS values, al-
S 3 though correlations and RMS values are generally not cor-
o | ! related in time, because their analytical relationship yields
° [ : : time-varying factors ( (e.gMurphy and Epsteinl989. This
maxcor medcor mincor ranking relation does not depend on the season (not shown).

In practice, the computation of circulation analogues is
done once. The weather generator is written in the R lan-
- § 1 guage. It can be accelerated by parallelization, because each
‘ ‘ analogue computation is done independently from the oth-
ers. It produces a multi-column text file. Each line represents
a day between 1 January 1948 and 31 December 2012. The
‘ first column is the date of the target day. The 20 following
© : § columns are for the dates of analogues. The 20 following

o columns are for the RMS values. The last 20 columns are
’ ‘ ! for the Spearman spatial correlation values. It serves as input
Imaxcor Imedcor Imincor
to the weather generator.
Fig. 2. Upper panel: distribution of maximum (maxcor), median
(medcor) and 20th (mincor) rank spatial correlations of the 20 ana- ]
logues. Lower panel: analogue rank (between 1 and 20) for maxi3 Generating random sequences from SLP analogues

mum (Imaxcor), median (Imedcor) and 20th (Imincor) spatial rank )
correlations. The goal of the weather generator is to produce a random

sequence of dates (between 1 January 1948 and 31 Decem-

ber 2012) with a temporal coherence. A random resampling
RMS values exhibit a seasonal cycle, with higher values inof the calendar would not be sufficient because time continu-
the Fall and Winter. This is due to a higher variance of SLPity of the SLP field would be lost. Thus two methodologies
in the cold seasons than in the warm seasons. The correlatiosve presented for creating random samples of dates from ana-
values also yield a seasonal cycle, albeit with a smaller relatogues in order to preserve time continuity of SLP. The ratio-
tive amplitude. High correlations are found in the winter, and nale of those methodologies stems from dynamical system
lower correlations appear in the summer. This is explainedheory and ensemble weather prediction. The first methodol-
by less contrasted spatial patterns and a lower signal to noisggy (called “static”) samples an observed trajectory of SLP
ratio in the summer than in the winter, so that the averageand shadows it from a random selection of analogues. The
RMS can have a small value, but the spatial patterns can beecond methodology (called “dynamic”) computes a new tra-
shifted for the analogues. This was explainedigu et al.  jectory from a selected initial condition, with a constraint of

20
I
Jaa

10
I

Analogue Index

(2012. staying on the underlying attractor.
In the following, for each day, the set/ of K = 20 ana-

logues days is written: 3.1 Static weather generator

J= {jk, ke[l K, (5) The weather generato_r selects random years (between 1948
and 2012). The goal is to generate ensembles of seasons

with (decreasing) RMS values: of typically 90 days. The season to be simulated is writ-
ten S (e.g. winter, spring, summer or fall). For each se-

D ={d* ke [L K]}, (6) lected random yearyj, the datesjs in the seasorS are
considered. Each dajs is replaced by a random sample of

and spatial correlation values: (js. jl, ol jK) with probabilities:

C ={c* kelLK]). M p=0"%ph.... p5. ®

The distribution of the maximum, median and minimum  The value ofpg = S« gives a probability of choosings,
correlations of the 20 analogues is shown in EAqupper i.e. not perturbing the trajectory by an analogugis a pos-
panel). This shows that the highest correlation among the 2@ive number controling the time persistence of the weather
analogues exceeds= 0.6 in 75% of cases, and the mini- generator. The probabilitieg?, ..., pX} are chosen to be
mum correlation is significantly positive in 75 % of cases.  proportional to the spatial correlation between analogue and
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Fig. 3. Left column: 5th, 25th, 50th, 75th and 95th quantiles of summer temperature anomalies in Europe from the ECA&DGEt (in
Central column: differences of quantiles between observed and simulated temperature anomalies with “static” weather generator. Right
column: differences of quantiles between observed and simulated temperature anomalies with “dynamic” weather generator.

observed SLI: trajectory of the underlying climate attractor. This method

can be used when one wants to “replay” a particular season

k k
pr=pA+c)/2. (9) or event, and assess uncertainties on temperature estimates
B is a normalization factor so that the sum of probabilities during this season or gvent by computing random but likely

equals 1: surrogates of trajectories.

SO SO 3.2 Dynamic weather generator
Yot =pleat) (F+D/2)=1 (10)

k=0 k=1

For each day (or initial condition), the next step of the tra-
This procedure randomly transforms observed trajectoriegectory is estimated, knowing that there is an uncertainty in
with weights on “resembling” analogues: each day is per-the observation of the initial condition. Hence, the weather
turbed independently of other days on the reference trajecgenerator looks at the nearest neighbours (i.e. the analogues)
tory. It is called static because the transformed trajectory of the initial condition and examine the trajectories emerg-
does not have the possibility of jumping to a very different ing from those nearest neighbour initial conditions. The
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proposed methodology assigns probability distributions to If one is interested in simulating weather conditions for
the nearest neighbours in order to compute random (but given season, one can initialige with a random year
likely) trajectories of the system. and a calendar day starting the season (e.g. 21 March, June,

The generator is initialised by a random diay= 10*yo + September or December) and let the weather generator run
10%mo + dp. Let the day coming aftefo be j. This day has  for 90 days and an arbitrary number of seasons.

K =20 analogues: This type of Monte Carlo simulation (simulating a large
e number of seasons) can be done in parallel, in order to in-
J={j . kellKl} (11)  crease the efficiency of the computation. The weather gen-
. . . ) erator code has been tested on a computing server with 2 to
with spatial correlation values: 8 CPUs
C={* ke[l K]. (12) The goal of this method for exploiting analogues of cir-

culation is to generate potentially new sequences of (already
The weather generator chooses a random “next dayjofor - gpserved) weather patterns. For example, if the weather gen-
among; and its analogues. Hence a probability vector is  grator is initialised with SLP conditions at the beginning of
assigned: the summer of 2003, it is possible to assess the probability
_ (0 1 K of observing a major European heatwave by repeating sim-
p=(p.p.....p") (13) ) .
ulations. The weather generator hence works like a seasonal
to those potential “next days”. The most likely candidate climate prediction, with a very large ensemble. The provided
should certainly bej, so thatp? is proportional to a high code in R is not configured to do an actual seasonal predic-
valueas. The value ofx1 controls the persistence of the gen- tion.
erator: ifaq is too high, the generated sequence will mostly
be consecutive days in a deterministic fashion. The probabil-
ities {p1, ..., pK} are chosen to be proportional to the spa-4 Simulation of European temperatures

tial correlation and the calendar distance betwﬁkeand Jjo-
This condition ensures an average seasonal cycle in the si
ulated series of dates. Hence, the probabilitigs ..., pX}
are taken as:

In this section, we are interested in simulating mean daily
Memperature anomaly variations at a given location, or a set

of locations in western Europe. The goal is to combine exist-

ing observations and the sequence of dates produces by the

P =Bk +1) exp(—azs G, jo)). (14)  random analogues.

Theay parameter controls the weight given to the calendar4-1  Composites of temperatures from analogues
proximity of the analogues. ¥ is large, only analogues that _ ) _
have calendar dates close to the ongoofiill be chosen. The Ve want simulate random temperataremaliesl” with re-

B parameter is determined so that the sum of probabilitieS'Spect,to a seasonal cyclg, ata given Ipcatlon that are coher-
equals 1: ent with the large scale information given by the sequence

Jj = (jo, ..., jn) obtained in Sec. It is assumed that there
Zf:o pk = are daily observationg; during the reanalysis periog € [1
B <a1+ Zf_l(ck +1) exp<_a25(]¢k’ jo))) -1 (15)  January 1948, 31 December 2012]). The simulation of tem-
- perature variations simply considers the set of temperatures
From the vector of probabilitiep, one “next” datej; for T:
Jjo is sampled. The operation is then repeated for the desired
number of iterations. T =Ty, .-, Tjy)- (17)
The free parameters of the weather generatonaiger-
sistence) andyy (seasonality). By default, the values are

a1 = 0.5 anday = 4. By construction, a positive, ensures .
! 2 Y P 2 d The advantage of this approach appears when one wants to

that a seasonal cycle in the simulations if one is intereste - i
in simulating long time series (and not just a large ensem.SiMmulate temperature at several stations. By construction, the

ble of seasons). This parameter also constrains the dynami@Cal temperature simulations are consistent with large scale
weather generator to flow “forward” in time, because ana->LP on daily time scale. This implies that for each day, the

logue dates occurring far away from the desired calendar dat§imulated temperatures at two or more locations are coher-
have a very low probability of being drawn. ent with each other. This can be achieved with models of the

This operation can be repeated for an arbitrary number O{I;wgltévaﬂz?]tez%%pelr\]ldence of Seggg’" tI'Bme semoléglland
time steps. The outcome of this simulation is a sequgrmfe ne e”;’ > d8| av%au etbaj. 9 lona(zj;:cet al. Zf) b
dates of analogues: But such a model needs to be re-evaluated if one set of obser-

vations is added or subtracted. Here, the spatial dependence
Jj="{jo,....in} (16)  structure is provided by the SLP analogues.

Therefore, composite temperatures for a random selection
of analogues are determined.

www.geosci-model-dev.net/7/531/2014/ Geosci. Model Dev., 7, 5313-2014
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Fig. 4. Left column: 5th, 25th, 50th, 75th and 95th quantiles of summ(@irst non-positive autocorrelation lag) in ECA&D observations (in
days). Central column: differences of quantiles dfetween observed and simulated temperature anomalies with “static” weather generator.
Right column: differences of quantiles otbetween observed and simulated temperature anomalies with “dynamic” weather generator.

With this simple first procedure, the valuesiofire drawn 2. Simulation of random dates from SLP analogues
from the values of the observations. What changes is the se- (static or dynamic).
quence of values. For aN =90 day season, the number
of possibilities for a simulated trajectory is of the order of 3. Computation of temperatures for simulated dates for

KN > 1017 if K =20 analogues are used. If persistence selected locations.

nstrain f a few re im with large val . . . . . .
constraints of a few days are imposed, with large values OtI'|me series of climate variables can be saved in various for-

oy, this still leaves a large number of possibilities. mats. By default, the native R binary format is used for out-
In summary, the weather generator for temperature pro-

. ut.
ceeds in four steps: P

1. Read SLP analogues and Pareto parameters for tenft-2 Data

perature at selected locations. - .
In principle, the weather generator can simulate tempera-

tures for any location, provided that it yields observations.

Geosci. Model Dev., 7, 531543 2014 www.geosci-model-dev.net/7/531/2014/
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. O A A subset of 291 series from the 1872 average tempera-
&9§ > O ture time series of ECA&D (TG) was selected. Time se-
o ries starting before 1948 and ending after 2012 (hence cov-
10 @ : é?v 10 ering the NCEP reanalysis period) were chosen. Stations
for which more than 10% of data are missing or doubtful
were removed. This left 291 time series over Europe, with
0.8 s , 08 3 high density of stations in Germany. For each time series,
— = ; a seasonal cycle was computed by averaging over calendar
0.6 &75j 5 0.6 days between 1971 and 2000. The seasonal cycle was then
P 0 smoothed by a spline (smooth.spline function in R) with 9
o oY degrees of freedom. The seasonal cycle was removed to daily
T 04 cﬁ:% e [T % temperature values in order to obtain temperature anomalies.
; — 0.2 ; — 0.2
4 " 24 " 5 Metrics and bias estimates
= O = O
ﬂ?d o o °° 356) 0 O o0 Here the weather generator for summer and winter tempera-
& " tures in Europe is tested. The weather generator is run for
dﬁ g g’ —f -0.2 5% : §> — -0.2 100 winters and summers of 90 days. Two sets of exper-
iments were performed for each season. The first one set
| o4 | o is initialised with a random year between 1948 and 2011.
2 0 ’ 2 , ’ Such an experiment tests the climatological features of the
— 5 — o weather generator. The second type of experiment initialises
g;@ 7 -0.6 g;g 5 -0.6 the weather generator from years that have experienced ex-
Ples © &% © treme temperatures, with hot summers and cold winters. The
¢ (o8 N Q prototype year for hot summer is 2008chaer et al.2004.
i@ : < 08 iﬁy ! K 08 The prototype years for cold winters is 2009. Such experi-
ments test the ability to simulate extreme temperatuCas-(
‘ -1.0 ) -1.0 tiaux et al, 2010.
) 2 4 The average daily mean temperature (TG) anomaly was
e 5 T ; = 5 9 ; simulated for all 291 stations. The 5th, 25th, 50th, 75th and
ﬂp OGNy ﬂp OO R o 95th quantiles of temperature were computed for the ob-
o g o served time series (between 1948 and 2011) and the sim-
3% 7 é%g &% : éb ulated time series. The comparison of quantiles allows one
to verify the probability distribution induced by the weather
generator.
2 0 2 , The autocorrelation function was also computed for the

observed and simulated time series of temperature for each
Fig. 5. Left column: differences of quantiles between observed and3 month season. At lag 0, the autocorrelation function is 1
simulated temperature anomalies with “static” weather generatoby construction). It tends to 0 when the lag tends to infin-
initiated on 21 June 2003 (iAC). Right column: differences of jty. The first lag timer for which the autocorrelation is no
quantiles between observed and simulated temperature anomaliggnger significantly positive is considered. This lagpro-
with “dynamic” weather generator with a 21 June 2003 initialisa- \ijes a measure of the persistence of temperature variations.
tion. The value ofr is computed for each simulated season. It is

then possible to compare the quantilescdbr the weather

ropean Climate Assessment and Data (ECA&D) dataset

provides a regularly updated set of observations done by-1 Summer temperatures

meteorological services over EuropKldin-Tank et al, , .

2002. Time series are provided on a daily timescale. Theln those sets of experiments, the summers were initiated on
data have been homogenized and quality checks were pefl€ 21st of June. The five quantiles (5, 25, median, 75 and

formed by the data providers. Data and metadata available a1°) ©f temperature anomalies from the ECA&D database
http:/Amwww.ecad.eu are shown in Fig3 (left column), for reference. 90% of

temperature anomaly values range betweéhand 10C.
For each quantile, the differences between observations and

www.geosci-model-dev.net/7/531/2014/ Geosci. Model Dev., 7, 5313-2014
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Fig. 6. Left panel: observed mean summer (June to August: JJA) temperature anomaB) {m Europe for the 6 hottest summers be-
tween 1948 and 2012 (upper 90th quantile of mean JJA temperature). Right panel: probability of exceeding the 90th quantile of mean JJA
temperature in 100 simulations of the “dynamic” weather generator.

simulations are shown in Fi@ (central and right column) quantile of observed mean temperature between June and
for the static and dynamic weather generators. August over Europe since 1948 is computed (this corre-
The static weather generator has a generally slight warnsponds to the 6th hottest summer). It is found that this prob-
bias (< 0.6°C). The bias is less than € in France or ability lies around 1% in Europe. This probability exceeds
Great Britain. 3% in Spain, Eastern France, Switzerland and Germany
The bias for the dynamic weather generator is slightly pos-(Fig. 6). This means that, although the simulated tempera-
itive for the lower quantiles<€ 0.4°C). It yields small nega- tures are on average warmer than usual, the probability of
tive values & 0.2°C), especially in Germany, for the upper obtaining an extremely warm summer is small. This test is
quantiles. very conservative, because the radius of European heatwaves
The extreme summer conditions were simulated with ini-is less than 1000 km, and the criterion used here considered
tialisations on 21 June 2003. The quantile differences arghe whole of Europe.
shown in Fig.5. The static weather generator, by construc-
tion, simulates high temperature differences for all quantiles -2 Winter temperatures
especially for France. This is to be expected because such ) o
simulation only alters each day of summer 2003 with ana-n those sets of experlments_, the summers were |n|t|:_:1ted on
logue SLP. During the summer of 2003, the weather pattern{€ 215t of December. The five quantiles (5, 25, median, 75
were mostly anticyclonic, and caused the major observednd 95) oft_emperature anomalies from the ECA&D database
heatwave in Western Europe4ssou et a2005. are shown in Fig7 (left column), for reference. 90 % of tem-
The dynamic simulations yield more moderate temper-Perature anomaly values range betweei# and 10C. For
ature positive anomalies in Western Europe, although th§@ch guantile, the differences between observations and sim-
anomalies have higher values for the upper quantiles. Thi&lations are shown in Figr (central and right column) for
means that not all synoptic conditions resembling those at th&€ Static and dynamic weather generators. _
beginning of the summer 2003 lead to a major heatwave. This 1N€ Static weather generator has a generally warm bias
was the case, for instance, for the year 2005 in Europe, whicty< 1°C) (Fig.7, central column). The bias is less than %
had similar weather patterns as 2003 at the end of June, biff France or Great Britain. This warm bias is larger for the
did not reach a heatwave at the middle of the summer. Thi€xtremely low quannles (5th quantile), especially in central
result however suggests that if a summer starts like the one dFUrOPe. The bias over Western Europe for quantiles above

2003, it is likely that it will be warmer than usual, although the 25th are generally smaller than 0 o
cool conditions can occur too. The dynamic weather generator also yields a positive bias

From the set of 100 dynamic experiments starting onfor {emperature under the 25£h quantile (Frg.right col-
21 June 2003, the stationwise probability of simulating aumn). This bias is lower than 0°Z above the 25th quantile.

summer with an average temperature exceeding the 90th

Geosci. Model Dev., 7, 531543 2014 www.geosci-model-dev.net/7/531/2014/
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Fig. 7. Left column: 5th, 25th, 50th, 75th and 95th quantiles of winter temperature anomalies in Europe from the ECA&D° €3t (in
Central column: differences of quantiles between observed and simulated temperature anomalies with “static” weather generator.
column: differences of quantiles between observed and simulated temperature anomalies with “dynamic” weather generator.

The extreme winter conditions were simulated with ini- northern Europe (incl. Germany and Great Britain). When
tialisations on 21 December 2009. The quantile differenceghey are positive (e.g. in France for the lower quantiles), the
are shown in Fig9. The static weather generator, by con- quantile differences are smaller than for the climatological
struction, simulates highly negative temperature differencesimulations in Fig7, right column. This implies that the sim-

for all quantiles, especially for France. This is to be ex- ulated temperatures starting in December 2009 are colder
pected because such simulation only alters each day of winthan the ones obtained from a random year. This also sug-
ter 2009/2010 with analogue SLP. During the winter of gests that a winter that starts like the 21 December 2009 is

2009/2010, the weather patterns were locked to a negativékely to be colder than usual.

phase of the North Atlantic Oscillation, and caused the ma- From the set of 100 dynamic experiments starting on 21
jor observed cold spell in Western Europ@aftiaux et al. December 2009, the stationwise probability of simulating a
201Q Cohen et a.2010.

winter with an average temperature below the 10th quan-

Right

The dynamic simulations yield more moderate temper-tile of observed mean temperature between December and

ature negative anomalies in Western Europe (Bigright February over Europe since 1948 is computed (this cor-
column). The temperature differences are more negative foresponds to the 6th coldest winter). It is found that this

www.geosci-model-dev.net/7/531/2014/ Geosci. Model Dev., 7, 5313-2014
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Fig. 8. Left column: 5th, 25th, 50th, 75th and 95th quantiles of wintéfirst non-positive autocorrelation lag) in ECA&D observations (in
days). Central column: differences of quantiles dfetween observed and simulated temperature anomalies with “static” weather generator.
Right column: differences of quantiles otbetween observed and simulated temperature anomalies with “dynamic” weather generator.

probability lies around 1% in Europe. This probability lies relationships between large scale and small scale variabil-
between 1 and 3% in northern Spain, France, Switzerlandty. AnaWEGE is well adapted to simulate seasons and was
and Germany (Figl0). This means that, although the simu- tested for winter and summer. The constraints of the dynam-
lated temperatures are on average colder than usual, the prolzal generator (the:; anda, parameters) ensure that a sea-

ability of obtaining an extremely cold winter is small. sonal cycle is obtained if a long continuous time series is
desired.
AnaWEGE yields static and dynamic modes, and can
6 Conclusions and perspectives serve two different purposes:

A weather generator based on analogues of atmospheric

circulation is presented in this paper. The main feature of — the generation of ensembles of random perturbations
this weather generator (AnaWEGE) is that it can simu- of observed climate trajectories. This is useful for gen-
late meteorological variables at a set of locations (in Eu- erating large catalogues of events (e.g. heatwaves or

rope) and achieve a natural spatial coherence due to physical coldspells). In terms of regional climate simulation,

Geosci. Model Dev., 7, 531543 2014 www.geosci-model-dev.net/7/531/2014/
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A S is a very cheap alternative (albeit with no physical
&9§ Ayl ﬂ?§ o constraint) to real atmospheric model simulations, al-
d though large ensembles can be achieved without the

1.0 % 4 use of a supercomputer.

AnaWEGE was tested on European surface temperatures,
a1 ( 08 Ty ( 08 from the ECA&D data Klein-Tank et al, 2002, for which
a dedicated computation of daily anomalies is provided. The

O

&900 e @R
-
=)

e

[~ I [ A @ [AY . . .
&75 o 0.6 &75j 0 0.6 rationale for focusing on temperature was to provide a tool
Sl P © to estimate background temperature extremes (especially in
¢ A [ . . %; winter and summer), for European energy providers. The
iig K ' % ; O% o4 weather generator can be extended to simulate other climate
variables (such as precipitation or wind speed), provided that
; — 0.2 — 0.2 time series of observations on the same time span as the set
= ‘ 2 gl of circulation analogues is available. The analogues of cir-
Tt ¢ Y A L oo [ 0 q 51 00 culation yield good skill for European precipitatiovietard
ﬂ; 0e >ty ' &5 Oa R e ’ and Yioy 2009 and geopotential heigh¥{ou et al, 2012.
. a & %2 This weather generator can serve as a basis for more so-
‘ﬁ j o8 [ -02 éi% ; o [ -0.2 phisticated weather generators, which can add layers of ran-
2 domness over the values that it generates. For example, one

can rectify the values of a simulated climate variable by the

., , weather generator by a random variable which yields similar

s . —— o 9 statistical properties. For example, values of a climate vari-
325 $e -0.6 3;5’ oy 0.6 able exceeding a chosen threshold can be replaced by a sim-

ulation of a Pareto distribution (e.grac and Navea2008

)
.
3
T
(o]

iﬁ. o, & 08 %‘3 s o0g  Bonazzietal.2012.
An underlying hypothesis of the weather generator is a sta-
tionary climate, in order to simulate stationary time series,
2 , 1.0 5 ’ -1.0 which is certainly not true for observed European temper-
— — — ature, although the temperature tremreQ(5°C in 50yr) is

5 lower than the intra-seasonal and interannual variability.
° Weather generators have been used to downscale climate
7Y variables in simulations of future climate€drter 1996
‘tﬁ ! O% lizumi et al, 2012. The weather generator presented here
can be used in such a configuration once circulation ana-
‘ logues are computed for scenario simulatiofey(or et al,
? el 2012, provided that their SLP output is available on daily
time increments.
The computer performance of AnaWEGE might not be as

Fig. 9. Left column: differences of quantiles between mean ob-

served and simulated temperature anomalies with “static” weathey. . ot ; .

generator for the winter of 2009/2010 (initiated on the 21 Decem-ESS}f; 2||r626(1)%y];eﬁ§;l2§]n02ﬁg\ggén gg?naer;%\l;lzzze:gr?lw
ber 2009). Right column: differences of quantiles between mean:L 7 Fl 7h 2010, | a’k ~ 2 mi ke 1 q
observed and simulated temperature anomalies with “dynamic” 997, Flecher et a].2010. It takes~ 2 min to make 100 sim-

weather generator with a 21 December 2009 initialisation. ulations of an 90 day season on a computer with two pro-
cessors, with the parallel option. AnaWEGE requires pack-
ages (snowfall for parallel computing and evd for optional
this corresponds toraudgingprocedure with observed Pareto distributions) that are available on the R web site
large scale conditions. (cran.r-project.org/ The source code, input data files and a
rudimentary user manual of version 1.0 can be downloaded
— the generation of ensembles of trajectories from givenat: http://www-Iscedods.cea.frr/AnaWEGE/
initial conditions. This is useful for assessing proba- It is designed for scientific research (no gui interface) and
bility distributions of events, for instance by choos- the parameters can be changed easily. The season_sim_v1.R
ing initial conditions preceding the events. This feature file is a wrapper to initialise and run the weather genera-
is similar to a numerical weather forecast, although it tor. Computer system path parameters need to be adapted for
uses an already computed reanalysis dataset as a bagach user. The data files (analogues and mean daily temper-
(or could use any model simulation). Such an option ature anomalies over Europe) are provided for an immediate

www.geosci-model-dev.net/7/531/2014/ Geosci. Model Dev., 7, 5313-2014
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Fig. 10. Left panel: Observed mean winter (December to February: DJF) temperature anon?dy ifinEurope for the 6 coldest winters
(lower 10th quantile of mean DJF temperature). Right panel: Probability of being below the 10th quantile of mean DJF temperature in 100
simulations of the “dynamic” weather generator.

use of the weather generator. The weather generator is hen@@assou, C., Terray, L., and Phillips, A. S.: Tropical Atlantic influ-
a very versatile tool, especially if one generates files of ana- ence on European heat waves, J. Climate, 18, 2805-2811, 2005.
logues from other reanalyses or model simulations, and othefattiaux, J., Vautard, R., Cassou, C., Yiou, P., Masson-Delmotte,

climate variables (from other sources). V., anq Codron: F.: .Winter 2010 in Europe: A cold ex-
treme in a warming climate, Geophys. Res. Lett., 37, L20704,

d0i:10.1029/2010gl044612010.
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