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Abstract. We quantify the long-term predictability of global continental regions are considered). We apply a moving av-
mean daily temperature data by means of tkeyRentropy  erage filter to the simulated AOGCM data and then sample it
of second ordeK,. We are interested in the yearly amplitude down using each 15th data point. The resulting rather smooth
fluctuations of the temperature. Hence, the data are low-pasemperature time series exhibit fluctuations on the time scale
filtered. The obtained oscillatory signal has a more or lessof one year (Fig3). Usually the annual fluctuations are con-
constant frequency, depending on the geographical coordisidered to be a trivial (periodic) signal and are therefore fil-
nates, but its amplitude fluctuates irregularly. Our estimatetered out Govindan et a].2002. However, the climate sys-

of K, quantifies the complexity of these amplitude fluctu- tem is highly nonlinear and complex. If such a system is
ations. We compare the results obtained for the CRU datdorced periodically, the resulting fluctuations may be highly
set (interpolated measured temperature in the years 190leomplex and even chaotit@renz 1990 (see Fig4, where
2003 with 0.5 resolution, Mitchell et al., 2009 with the no clear annual cycle is observed). In order to quantify the
ones obtained for the temperature data from a coupled oceamomplexity of the fluctuations of the signal’s amplitude, we
atmosphere global circulation model (AOGCM, calculated compute an estimate of theéRyi entropy of second order

at DKRZ). Furthermore, we compare the results obtained byof each temperature time series, i.e. at any coordinate of the
means ofK» with the linear variance of the temperature data. earth’s surface. This measure quantifies how predictable the
annual fluctuations are. This is an alternative approach to the
ones presented iFraedrich(1987); Latif and Barnet{1996);
Chen et al(1997).

We then compare the results obtained for the CRU data
Yvith the results for the data simulated based on an AOGCM,
which is given on a coarser resolution of 327fncluding
the oceans, and find a good agreement. However, the es-

is still an open and not fully understood problem. Severaltimated predictability depends on the geographical coordi-

similar conceptual models have been proposed so far (e'ghates (for the CRU as well as for the AOGCM data), which
Lorenz 1990. These models are usually given by systems of. '

. . . . : : is an interesting difference from the results obtained with the
nonlinear ordinary differential equations, which can generate : : . :
chaotic oscillations method of the detrending fluctuation analysis (DFA) applied

In thi i ider dail ‘ ‘ dat in Govindan et al(2002, which are rather independent on
f n tl)s papzr we C(|)|n5| er.dglﬁ mef;nl g.n:pera urel §1he geographical coordinates. Furthermore, we compare the
rom observed as well as gridded model data on a globaiqq 15 gptained with the estimate of thérlyi entropy with

séaRIS' dF?r thte I\l;lr!;ae;]su"r e? ﬂat;()tér;ehChmbate Resgar_ﬂ:. Unihe variance of the data sets. A key result of this comparison
( ) dataset (Mitchell et al, bhas been used. This is that over the continents the predictability correlates with

mor_llthgyl/ da:)a on at_0?5re|sgltf[tlofn has tl)leen mtte%rpolatelzgl frorr the variance in the northern hemisphere and anticorrelates in
available observational data from all over the world (only the southern hemisphere.

Correspondence tdiV. von Bloh The paper is structured as follows: after introducing the
(bloh@pik-potsdam.de) concept of the Bnyi entropy of second ordéf,, we outline

IMitchell, T., Carter, T., Jones, P., Hulme, M., and New, N.: the method that we use to estimafg. Then we describe the
A comprehensive set of climate scenarios for Europe and the globetlata we analyze in detail. After outlining the preprocessing,
the observed record (1901-2000) and the 16 scenarios (2001-2100)¢€ discuss the results obtained with the CRU and AOGCM
J. Clim., submitted, 2005. data and then conclude.

1 Introduction

Since the discovery of chaos in a conceptual climate mode
by Lorenz (1963) the predictability of weather (and climate)
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2 Reényi entropy of second orderk» 3 Estimation of K2

In this section, we first recall the definition of théfyi en- L€t us consider a dynamical system represented by the tra-

tropy of second order. Let us therefore consider a trajectory€ctory {x;} fori=1,..., N in ad-dimensional phase space

x(7) in a boundedi-dimensional phase space and suppose('- e.x; € RY). Then we compute the recurrence matrix

that the state of the system is measured at time mtewals Rij=0(—|lxi—xjl). ij=1...N, )

Let{l, 2, ..., M(¢)} be a partition of the phase space in boxes

of sizee. Thenp(is, ..., i;) denotes the joint probability that wheree is a predefined threshold amtik-) is the Heaviside

x(t=t) is in the boxi1, x(r=27) is in the boxiy, ..., and  function. The norm used in Eg2)is in principle arbitrary,

x(t=lt) is in the boxi;. The Renyi entropy of second order but for theoretical reasonliel et al, 2004, it is advanta-

(Rényi, 197Q Grassbergerl983 is then defined as geous to use the maximum norm. The graphical representa-
tion of R; ;, called Recurrence Plot (RP), is obtained encod-

o1 2. ) ing the value one as “black” and zero as “white” point. The
Kz =—lim lim lim —In Z pe(iL, ... ). (1) analogues of a point; are visualized in the i-th column of
el the RP as black points, i.e. i andx; are analogues, then
R; j=1. If the evolution ofx; andx; is similar for n time

;l'hIS melai_ure quantlfles hOV\tl_ fast the nbumll?fr: of p(?[ssm_le fu'steps Wwe haVeR, 41 j41=L. ..., Riin, j+n=L, i.€. we have
ure evolulions Increases as ime goes oy. € system1s peyy diagonal line in the RP. Figuta shows the RP of a sine
fectly deterministic in the classical sense, there is only on

ibility for the traiectory t | H th ist unction, i.e. a circle in phase space. Its RP is then character-
pOssIbility for .e raJeF: ory 1o EVolve. Hence, there exists;, oy by non-interrupted diagonal lines. Figuterepresents
only one series$is, ..., i;} of future steps with probability 1

d theref 0. | trast iV show that the RP of the Rssler system in a chaotic regimRoSsler
and thereforek2=0. In contrast, one can easily show tha 1976. In this case, the predominant structure are diagonal

. S N . qines, which are interrupted. Figufie represents the RP of
trajectories Increases o infinity so fast, mei._)oo (Th'el. .._white noise. It is homogeneous with mainly single points,
et Ial, 2f0 03. C?]ami)c Isystems are charzpterlzed by a fl'_rr']'tewhich is typical for independent stochastic systems, as the
value ofKz, as they belong to an intermediate category. ®Ystate at timei+1 is unrelated to the one at timie From

are less predictable than purely periodic but more predictablt%hese plots, we can easily make out that there is a certain

than purely stochastic systems. Also in the chaotic case thgonnection between the length of diagonal lines and the ratio

number of pgssible trajecFories diverges bqt not as fast as "8t determinism or predictability inherent to the system. The
the stochastic case. The inverseff has units of time and better the predictability of a system is, the longer are these

can be interpreted as the mean prediction horizon/time of th%iagonals Now we show how these diagonals can be used to

system. estimatek,.

_The algorithm to estimatd’ is linked to a weather pre-  Tpjg| et al.(2004 have shown that the following relation-
diction scheme introduced thyorenz(1963. He proposed to ship holds

use naturally occurring analogues for prediction. His idea is

to record long series of data describing the state of the atmope (f) ~ D2 exp(_kz(g),l) , ©)

sphere (or any other system under consideration). To predict

the weather one then has to compare the actual state with alvthere P¢ () is the cumulative distribution of diagonal lines

the states in the database and to identify a former state whichn the RP, i. e. it represents the probability of finding a di-

is (extremely) similar/close to the current one, with respect toagonal in the RP of at least lengthand K»(¢) is an esti-

some metric, so that the mismatch could also be attributed tonator of K,. Dy is the correlation dimension of the system

a measurement error. Such a state is called “analogue”. Thender consideratiorGrassbergetl983. Therefore, the rep-

prediction of the future is then given by the time evolution resentation ofP¢ (/) on a logarithmic scale versugields a

of the former state. In this paper we do not focus on predic-straight line with slope-K2(e) for largel. For chaotic sys-

tion but rather on quantifying the predictability of a system. tems this slope is independent ofin a rather large range

Therefore, we identify close analogues of a given state anf ¢. This is shown in Fig2a for the chaotic Bernoulli

consider all their respective evolutions. Then we quantify themap x,,,1=2x,mod1. Finally, one represents the slope of

time that these possible evolutions remain similar. This timethe curves for largé in dependence oa. Then, for chaotic

is directly linked toK>. systems a plateau is found. The value of the ordinate of this
Next, we introduce a tool to visualize recurrences of trajec-plateau determine& (Fig. 2b). In the case of the Bernoulli

tories of (dynamical) systems in phase space, which is callednap, one obtain&»=0.6917, in good accordance with the

Recurrence Plot (RPECkmann et al.1987. These plots theoretical values of If2).

have proved to be rather useful for the analysis of time se- In the representation of (' (1)) vs./ we usually find two

ries, as they give a first impression of the behavior of thedifferent slopes: one slope for short diagonal lines and an-

system under study. But the most interesting aspect of RPsther one for long diagonalg kel et al, 2003. Sincek>

for our purposes is that they allow to estimatg from time is defined for largé (Eq. 1), we have to detect the second

series in a very robust way. slope. This can be done automatically (see Appendix). An
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Fig. 1. Prototypical examples of RP&) RP of a sine function(b) RP of the Rissler system in chaotic regime) RP of white noise.
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Fig. 2. (a)Number of diagonal lines of at least lendthersud in the RP of the Bernoulli map for different values of the threshol@he
mean slope of the curves is equal t6®17.(b) Estimator of the Bnyi entropy of second ordéf, vs. ¢ for the Bernoulli map.

advantage of this algorithm to estimake is that the result oped at the Max-Planck-Institute of Meteorology in Ham-
is independent of the embedding parameters usedifsieé  burg. In our case the model ECHAMA4 has a horizontal res-
et al, 2003, i.e. even without embedding the time series atolution of T30 (approximately .35°x3.75°) and 19 vertical

all, we obtain reasonable results. However, using embeddinggvels, five of them located above 200 hPa. The horizontal
allows the algorithm to recognize the scaling region moreresolution of the ocean model HOPE-G is aboi® % 2.8°
easily. Hence, we will embed the time series in our analy-with a grid refinement in the tropical regions, where the
sis. Furthermore, our studies have shown that the algorithnmeridional grid-point separation decreases progressively to
yields robust results even if a time series is corrupted by noisehe equator, reaching a value ab® This increased reso-

or if one adds a nonstationarity. lution allows for instance for a more realistic representation
of El Nifio southern oscillation (ENSO) events. The ocean
model has 20 vertical levels. In this simulation, the model
has been driven by estimations of three past external forc-
ing factors: solar variability, greenhouse gas concentrations

As an example for (partially) measured data the Climate Rein the atmosphere and an estimation of the radiative effects
search Unit (CRU) dataset (Mitchell et al., 28D5as been of stratospheric volcanic aerosols. No changes in the an-
used. This monthly data on a spatial resolution oPhas  thropogenic atmospheric aerosol concentrations have been
been constructed from global available observed data. It igonsidered. Changes in vegetation cover or land-use have
based on interpolation from all stations available at any mo-2/so been neglected. The atmospheric concentrations of two
ment in time. The primary purpose was to create an inputdreenhouse gases, carbon dioxide and methane, have been
data set for environmental modeling. The CRU data set hagstimated from analysis of air bubbles trapped in Antarctica
been widely used as e.g. a driving force for models of theice cores Etheridge et a).1996 Blunier et al, 1999. The
global vegetation dynamicSitch et al, 2003. The monthly ~ Past variations of solar output have been derived from the
data has been embedded in a two-dimensional space with ¢@lues used irCrowley (2000. For the period after 1610
delay of one month. A. D., past solar variations are empirically estimated from
The global climate model (AOGCM) consists of the spec- 00servations of sun spottgan et al. 1995 and between

tral atmospheric model ECHAMRoeckner et a(1996 and 1500 and 1610 A. D. they are based on concentrations of
the ocean model HOPE-@/olff et al. (1997, both devel-  the cosmogenic isotopdBe. The third external factor is the

4 Description of the data and preprocessing
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Fig. 3. Temperature time series from AOGCM at the coordinates Fig. 4. Temperature time series from AOGCM at the coordinates
(86.25° W, 11.25° N) (solid line) and its corresponding filtered sig- (63.75° E, 3.75° S) (solid line) and its corresponding filtered signal
nal (bold line). The annual period is predominant in this time series.(bold line). In this time series no annual period is observed.

stratospheric loading of volcanic aerosols. After a volcanic\ye|| defined in high dimensional and/or stochastic systems
eruption, these are washed out by precipitation, that influencyt according to its definition one has to estimate the limit
the acidity of the ice layers in ice cores. Changes in optical; _, 0. However, due to the finite length of the time series,
densities of the stratosphere can be thus estimated from icg;s js not possible. Several approaches have been developed
acidity through a semi-empirical mod@iowley, 2000. We {5 solve this problemGrassbergerl983 Urbanowicz and
only used the first 200 years (1500-1700), not the full record.Ho|yst 2003. The RP-based method has shown to be very
In contrast to the CRU dataset we have a daily resolutiongitaple for the estimation at» (Thiel et al, 2004). It also
of the AOGCM data, but greenhouse gas emissions are ngjie|ds very reliable estimates if e.g. nonstationarities are in-
presentin this period. As we are interested in the annual flucyg|yeq Romang 2004. Moreover, the RP based method
tuations of the amplitude of the temperature signals, we apnas peen already applied to experimental turbulent flow data
ply a moving average filter to the data and then downsamplgyng has confirmed results which were reported in the liter-
them, considering only each 15th data point. The resultingytre Thiel et al, 2004 Read et a.1992. Various filters
temperature time series shows oscillations with more or lesgjiq not have to be applied as the RP based method can deal
constant frequency, depending on the geographical positionyith a rather high degree of nonstationarity and noise. Fur-
but with varying amplitude. This preprocessing of the datathermore, for turbulent systems, such as the coupled ocean-
was applied to the AOGCM data. The data was embeddegimosphere one, the predictability depends on the scale con-
in a three-dimensional space with a delay of 5 days. Thesgjqered. Hence, we set=0.1, which corresponds to tenth
embedding parameters were fixed applying the conventional kelvin prediction error, and determiri& by the slope of
methods of the autocorrelation function and the false nearpe(j) vs. 1.
est neighbors method@ntz and Schreibed 997, although The estimates ok for the AOGCM data set are shown in

it is not necessary to embed the time series to estiriiate Fig. 5. We find that the entropi, is maximal in the tropical
from RPs, as we hgve mentioned ab_onal(aI et al, _2003' region. Rather high values & can also be found in the
we embed to fgcnnate the automatized estimation by OUlhorthern hemisphere (Alaska, central and northern Europe).
algor[thm. In Flgs.3_ and4 two example_s are represented. ENSO can clearly be identified over the ocean as an elevated
The time series in Fig3 shows a predominant annual cycle, area ofK». Therefore the predictability of temperature fluc-

\f/_vhereasr:] the fItLrJ]cttu?r;uons_dlspla)t/gdtm ngol not.l Th'ts IﬁSt tuations is reduced in that area (the prediction horizon is pro-
igure shows that there is no strict annual cycle at all ge0- ional to the inverse af>).

graphical positions. To test the reliability of the estimates df, for the
AOGCM data, a bootstrap resampling has been performed.
5 Results We used the shuffled surrogates because they destroy the cor-
relations and also reduce the predictability of the time series.
In this section, we estimat&, for the CRU data and for the  The results show that the structures obtained by meapof
AOGCM model data by means of the method of RPs. Dueare significant (see Figs). The picture lacks all coherent
to the high dimensionality of the models and/or the randomstructure. No continents can be made out. Also the values of
elements involved, the slope & (/) depends, as expected, K> are much higher for the shuffled data. In order to vali-
one¢ (see Eq3 and Fig.13 Thiel e al, 2002. In Sect.7 we date these results we compue also for the CRU data. The
discuss this feature in more detail. The entrdpyis also  respective estimates are represented in FiglWe observe,
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Fig. 6. K> estimates for the randomly shuffled AOGCM data set for Fig. 8. The correlation index between the estimates & for the

a fixede=0.1K.

CRU and AOGCM data set.

that the structures are similar in both CRU and AOGCM datar. We can confirm, that the structures seen in kieesti-
(e. g. the values ok are high in the tropical regions in both mates are similar in both CRU and AOGCM data, indicated

cases).
In order to compare quantitatively the estimatexeffor

by the homogeneous red pattérrHence, with respect to the
K> statistic the AOGCM data reproduced the structures ob-

the AOGCM and the CRU data, we compute the following tained with the CRU data set. This analysis shows that with

index
ro=1- |I€2CRU - I%ZAOGCM" (4)

where K, denotes the values rescaled to the intef@al].
The indexr is of the order of 1 if the estimates &> for

respect to the predictability the CRU and the AOGCM data
are qualitatively (and almost quantitatively) equivalent.

Now, we address the question what can be learned from
the K, estimates beyond what can be found by linear tech-
niques. Usually, the models are validated by means of tra-

the AOCGM and CRU data are correlated and of the order 2The blue regions in Fig3 are due to the lower resolution of the

of 0 if they are anticorrelated. Figudisplays the index

AOGCM with respect to the CRU data.
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ditional linear time series analysi&@vindan et al.2002.
Hence, we also compute the variance of the filtered time se-
ries for both CRU (Fig9) and AOGCM (Fig.10) data. In
order to compare quantitatively the results obtained ish
and the variance, we compute the indefor the CRU and

for the AOGCM data, analogously to Ed4)(

— On the continent the variance ari, of the annual
temperature fluctuations are correlated in the northern
hemisphere and anticorrelated in the southern hemi-
sphere. Western Europe seems to be an exception from

_ — this thumb rule.

r:=1—|Ky— Var|, (5)

— Over the oceans the variance akid are correlated in
the polar regions and in the vicinity of the equator and
uncorrelated in the mid-latitudes. The southwest region
of America, where the ENSO takes place is the excep-
tion from this rule.

whereVar denotes the values rescaled to the intefOal].
The results are plotted in Figl and Fig.12, respectively.
From these figures, we can conclude the following points:

— The GCM and CRU data exhibit qualitatively (and
quantitatively) the same long term predictability.
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6 Conclusions of the K entropy yields complementary information to the

variance. The variance correlates M&h over the continents
The analysis shows that the predictability does not simplyin the northern hemisphere and anticorrelates in the southern
correlate with the variance of the mean daily temperaturehemisphere. This correlation and anticorrelation still lacks
data. The degree of correlation depends on the latitude and physical interpretation. To find an explanation of this de-
on the fact whether one is on a continent or not. The annuapendence would give further insights into the behavior of the
fluctuations exhibit a complex pattern and in some cases ibcean/atmosphere system. However, the combination of lin-
might not be suitable to filter them out. ear and nonlinear data analysis techniques can be used to an-

alyze and quantify data beyond linearity. The analysis sug-

gests that the annual fluctuations of the surface temperature
7 Problems of the method are not trivial but exhibit a complex behavior. This complex-

i i ity depends on the geographical position in a nontrivial way.
The method to estimatkz which we have proposed (Se8).  jance filtering the annual oscillations out may yield spuri-
allows to investigate automatically large amounts of data andOus results

yields rather robust results. However, the algorithm must be
applied carefully in some cases.
For high dimensional or stochastic signals, the slope of
P£ (1) depends in general an(Thiel et al, 2003. Only for
periodic and chaotic systen&% is independent of. For the
AOGCM datap; (/) vs.l is shown in Fig13ain dependence  The presented algorithm resembles an idea introduced by
one. Figurel3b displays the respective dependenc& gbn Lorenz (1969), where a similar algorithm to estimate the pre-
€. One now has to compute the limit>0. One possibility  dictability of different climate variables (such as tempera-
to overcome this problem is to fit a curve e.g. a polynomialture, pressure, etc.) is presented. The recurrence based al-
to K»(¢), and then to extrapolate to=0 (Urbanowicz and  gorithm to estimate the predictability has been applied for
Holyst, 2003. But there is some ambiguity choosing the type the first time to a high dimensional climate system. To val-
of function one might use for the fitting. idate the correctness of the application of the algorithm to
An even simpler approach is used in SéctWe fix e =¢iix such a system it would be necessary to apply it to model
and then consideK(¢fix) as an estimate of the complexity systems with many coupled temporal and spatial time scales
of the signal.K»(¢) is a measure for the time that two trajec- (Lorenz 1991). This will be the subject of a forthcoming
tories stay within arz-ball or -tube. Based on this approach paper. However, our algorithm can be supposed to yield
we estimate the time, for which the “prediction” is correct up rather reliable results in high dimensional systems for two
to an error less or equal to Hence K can be interpreted in  reasons: 1) In lower dimensional cases it gives robust results
a very straight forward and physical manner. with rather short time series and is often more efficient than
In this paper we have presented an algorithm to estimatestandard techniquedlgiel et al, 2003. 2) Other measures
the complexity and predictability of the earth surface temper-which quantify predictability (DET, DIV) and are estimated
ature fluctuations. The algorithm is based on recurrences ofrom RPs have been successfully applied to climate data. The
the temperature signal in an abstract embedding space. Weomparison of these measures wifh in lower dimensional
have analyzed two data sets (CRU and AOGCM) and foundsystems suggests that the latter has independently of the di-
structurally the same results. Comparing the results with thenension of the underlying systems notable advantages. lItis,
variance of the temperature signal, one finds that the estimate.g. numerically close to the largest Lyapunov exponent.
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Appendix: Automatization of the algorithm in a coupled atmosphere/ocean model using singular vector anal-
ysis: The role of the Annual Cycle and the ENSO cycle, Mon.

For many applications, e.g. if spatio-temporal data has to be Wea. Rev., 125, 831-845 (1997).
analyzed, it is desirable to automate the algorithm to esti-Crowley, T. J.: Causes of climate change over the past 1000 years,
mateK> based on RPs. Such an automated algorithm is also Science, 289, 270-277, 2000.
more objective, as otherwise the choice of the proper Sca"n&ckmann, J._-P., Kamphorst, S. O., and Ruelle, B.: Recurrence Plots
regions ofP¢ (/) depends to some extent on the data analyst. r?f Dynamical Sysltems’ Europhys. 'f-eltt" 4,973-977, 1987.

The crucial step for the automatization is the estimation of ! eridge, D., Steele, L. P, Langenfelds, R. L., Frandcey, R. J.,

th i . f 1P (] I t t Barnola, J. M., and Morgan, V. |.: Natural and anthropogenic
e scaling region of I&; () vs... For many systems no changes in atmospheric G@over the last 1000 years from air in

only one slope is found in the representation ¢#f(/)) vs. Antarctic ice and firn, J. Geophys. Res., 101, 4115-4128, 1996.
I. Usually, for smalll the slope is greater than for large  Fraedrich, K.: Estimating weather and climate predictability on at-
As K is defined for long diagonal lines, the slope for lafge tractors. J. Atmos. Sci., 44, 722-728, 1987.
has to be identified. On the other hand, too long lines cannoGrassberger, P.: Generalized Dimensions of Strange Attractors,
be taken into account, due to the fact that the time series is Phys. Lett. A, 97, 6, 227-230, 1983.
finite and hence, the length of the longest diagonal line to beGovindan, R. B., Vyushin, D., Bunde, A., Brenner, S., Havlin, S.,
found is limited. For this reason, the decay m}hﬁ(l)) for and Schellnhuber, H.-J.: Global Cllmate Models Violate Scaling
very long diagonals is not the correct one. of the Observed Atmospheric Variability, Phys. Rev. Lett., 89, 2,
Therefore, the automatic detection of the right slope is re- 0285011-0285014, 2002. . . . .
alized applying a cluster dissection algorithspéth, 1992). Kant_z, H., ar!d Sc_hrelber, T.: Nonll_near Time Series Analysis, Cam-
. - . . s bridge University Press, Cambridge, 1997.
The algorithm dlwqes the set of _pOIr,'tS into distinct clusters. Latif, M. and Barnett, T. P.. Decadal climate variability over the
'D each_c_lus_ter a linear regression is perf(_)rmed._ The algo- North Pacific and North America: Dynamics and predictability,
rithm minimizes the sum of all square residuals in order to  j_ cjimate, 9, 10, 2407-2423, 1996.
determine the scaling region. The following parameters are ean, J., Beer, J., and Bradley, R.: Reconstruction of solar irradi-
used: ance since 1610: Implications for climate change, Geophys. Res.
Lett., 22, 23, 3195-3198, 1995.
— We consider only diagonal lines up to a fixed length | orenz, E. N.: Deterministic Nonperiodic Flow, J. Atmos. Sci., 20,
Imax=200. Longer lines are excluded because of finite 130-141, 1963.
size effects, as explained above. Reasonable values dforenz, E. N.: Can chaos and intransitivity lead to interannual vari-
Imax are at about 10% of the length of the time series.  ability?, Tellus, 42A, 378-389, 1990.
Lorenz, E. N.: Dimension of weather and climate attractors, Nature,
— We consider only values aPS (/) with P¢(/)>500 to 353, 241-244, 1991.
obtain a reliable statistic. Rényi, A.: Probability theory, North-Holland, Appendix, 1970.
Read, P. L., Bell, M. J., Johnson, D., and Small, R. M.: Quasi-
— We further have to specify the number of clusters when periodic and chaotic flow regimes in a thermally driven, rotating
applying the cluster dissection algorithm: two different  fluid annulus, J. Fluid Mech., 238, 599, 1992.
clusters seem to be a rather good choice for many sysRoeckner, E., Arpe, L., Bengtsson, L., Christoph, M., Claussen,

tems. Then, we use the slope of the largest cluster. M., Dumenil, L., Esch, M., Giorgetta, M., Schlese, U.,
and Schulzweida, U.: Atmospheric general circulation model

These choices have proven to be the most appropriate ones ECHAM-4: Model description and simulation of present-day cli-
for the estimation of the scaling regions. All these parameters mate, MPI Report No. 218, Max-Planck-Institute for Meteorol-
are defaults of a computer program. ogy, Hamburg, Germany, 1996.

Romano, M. C.: Synchronization Analysis by Means of Re-
AcknowledgementsiVe thank the SPP 1114 program supported by ~ currences in Phase Space, Doctoral thedistp://pub.ub.
the DFG and the Promotionskolleg “Computational Neuroscience Uni-potsdam.de/2004/0075/romano.p2ii04.
of Behavioral and Cognitive Dynamics” supported by the Minis- Rossler, O. E.: An equation for continuous chaos, Phys. Lett. 57A,
terium fur Forschung und Kultur Brandenburg (Germany). We also ~ 397-398, 1976.
thank E. Zorita and the Deutsches Klimarechenzentrum (DKRZ)forSitch, S., Smith, B., Prentice, I. C., Arneth, A., Bondeau, A.,

providing the AOGCM data and scientific support. Cramer, W., Kaplan, J., Levis, S., Lucht, W., Sykes, M., Thon-
icke, K., and Venevski, S.: Evaluation of ecosystem dynamics,
Edited by: J. von Hardenberg plant geography and terrestrial carbon cycling in the LPJ Dy-
Reviewed by: two referees namic Vegetation Model, Global Change Biology, 9, 161-185,
2003.
Spath, H.: Cluster Disection and Analysis, Horwood, Chichester,
References 1992.

Thiel, M., Romano, M. C., Kurths, J., Meucci, R., Allaria, E., and
Blunier, T., Chapellaz, J. A., Scwander, J., Stauffer, B., and Ray- Arecchi, F. T.: Influence of observational noise on the recurrence
naud, D.: Variations in atmospheric methane concentration dur- quantification analysis, Physica D, 171, 3, 138, 2002.
ing the Holocene epoch, Nature, 374, 4649, 1995. Thiel, M., Romano, M. C., and Kurths, J.: Analytical Description of
Y.-Q. Chen D.S. Battisti, T.N. Palmer, J.J. Barsugli and E.S. Recurrence Plots of White Noise and Chaotic Processes, Applied
Sarachik, A study of the predictability of Tropical Pacific SST ~ Nonlinear Dynamics, 11, 3, 20-29, 2003.


http://pub.ub.uni-potsdam.de/2004/0075/romano.pdf
http://pub.ub.uni-potsdam.de/2004/0075/romano.pdf

W. von Bloh et al.: Long-term predictability 479

Thiel, M., Romano, M. C., Read, P., and Kurths, J.: Estimation of Wolff, J.-O., Maier-Reimer, E., and Legutke, S.: The Hamburg
Dynamical Invariants without Embedding by Recurrence Plots, Ocean Primitive Equation Model, Technical report, No. 13, Ger-
Chaos, 14, 2, 234-243, 2004. man Climate Computer Center (DKRZ), Hamburg, 98, 1997.

Urbanowicz, K. and Holyst, J. A.: Noise-level estimation of time
series using coarse-grained entropy, Phys. Rev. E, 67, 046218,

2003.



