N

N

Tempting long-memory - on the interpretation of DFA
results
D. Maraun, H. W. Rust, J. Timmer

» To cite this version:

D. Maraun, H. W. Rust, J. Timmer. Tempting long-memory - on the interpretation of DFA results.
Nonlinear Processes in Geophysics, 2004, 11 (4), pp.495-503. hal-00302381

HAL Id: hal-00302381
https://hal.science/hal-00302381
Submitted on 18 Jun 2008

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est
archive for the deposit and dissemination of sci- destinée au dépot et a la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche francais ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.


https://hal.science/hal-00302381
https://hal.archives-ouvertes.fr

Nonlinear Processes in Geophysics (2004) 11: 893— .
SRef-ID: 1607-7946/npg/2004-11-495 Nonlinear Processes

in Geophysics

© European Geosciences Union 2004

Tempting long-memory — on the interpretation of DFA results

D. Maraun?, H. W. Rust?, and J. Timmer3

1Department of Physics, Potsdam University, D-14415 Potsdam, Germany
2 potsdam Institute for Climate Impact Research, P.O. Box 60 12 03, D-14412 Potsdam, Germany
3Center for Data Analysis and Modeling, Albert-Ludwigs UniveiiD-79104 Freiburg, Germany

Received: 20 August 2004 — Revised: 26 October 2004 — Accepted: 8 November 2004 — Published: 10 November 2004

Part of Special Issue “Nonlinear analysis of multivariate geoscientific data — advanced methods, theory and application”

Abstract. We study the inference of long-range correla- a finite memory which is equal to the existence of a charac-
tions by means of Detrended Fluctuation Analysis (DFA) teristic time scale. Processes with these attributes are called
and argue that power-law scaling of the fluctuation func-short-range correlated or short-memory processes.

tion and thus long-memory may not be assumed a priori but Later, Pelletier and Turcott€1999 as well asKoscielny-
have to be established. This requires the investigation of th&8unde et al(1999 reported long-range correlations in tem-
local slopes. We account for the variability characteristic perature data. This process property is characterized by
for stochastic processes by calculating empirical confidencénfinite memory and the absence of a typical time scale.
regions. Comparing a long-memory with a short-memory For large time lags, the autocorrelation function of such
model shows that the inference of long-range correlationdong-memory processes decays according to a power-law and
from a finite amount of data by means of DFA is not spe- hence exhibits scaling with a characteristic exponent

cific. We remark that scaling cannot be concluded from a Govindan et al(2002 reported, that widely used general
straight line fit to the fluctuation function in a log-log rep- coupled climate models do not exhibit the behavior found
resentation. Furthermore, we show that a local slope largepy Koscielny-Bunde et al(1999 and raised the question
thana=0.5 for large scales does not necessarily imply long-whether estimates of the warming-trend in global mean tem-
memory. We also demonstrate, that it is not valid to concludeperature based on these models could be exaggerated. How-
from a finite scaling region of the fluctuation function to an ever, Fraedrich and BlendgP003 extended the analysis to
equivalent scaling region of the autocorrelation function. Fi-various stations around the globe and showed that state-of-
nally, we review DFA results for the Prague temperature datahe-art climate models are able to reproduce the empirical
set and show that long-range correlations cannot not be corfindings.

cluded unambiguously. Except for Pelletier, the authors applied Detrended Fluc-
tuation Analysis (DFAPeng et al.1993 which investigates

the average variability on a scale For long-memory pro-
cesses in the limit of large scales, this fluctuation function
F(s) can directly be linked to the autocorrelation function.

Understanding the variability of the climate system on scales10Wever, in all works known to the authors the properties of
from days to decades or even longer is a fundamental issu ™ have only been studied for certain long-memory pro-
of climatology. In 1976 Hasselmanrintroduced the con- C€SSES. The behaw_or for other I|_near processes has not peen
cept of stochastic climate models and showed that climatdnvestigated and it is not clear if the results can be easily
variability in principle can be modeled by rather simple AR- transferred. _ _

processes. The time dependency of linear stochastic mod- !N this paper we interpret the inference of long-memory
els is completely captured by the autocorrelation functionfrom empirical data as an inverse problem. The main insight
C(s), describing the average linear relation of two points IS that power-law scaling ofthequctuan_on_functlon and thus
in time with lags. The sum ofC(s) over all lagss is of- Iong-memory may not be a_ssumeq a priori but h.ave_ to be es-
ten called memory or persistence of the procdssr{berth tablished. We argue that thls requires the investigation of the
1985. Typical properties of AR-processes are an exponen-local slopes of the fluctuation function. Furthermore one has

tial decay of the autocorrelation function for largand thus 10 @ccount for the variability characteristic for stochastic pro-
cesses. Associated with the inference of long-range correla-

Correspondence tdD. Maraun tions, we investigate the sensitivity and specificity of DFA:
(maraun@agnld.uni-potsdam.de) When long-memory is present, does DFA detect it? When
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no long-memory is present, does DFA reject it? We illustrateA characteristic time scale as defined above does not exist.
our discussion by comparing a long-memory with a short-The calculation of the decorrelation time, e.g. €0ts)=s""
memory model. Finally, we review the resultskdscielny-  for s>0, C(0)=1
Bunde et al(1998 for the Prague temperature data set and ~ ~
show that their gonclusmns are not unamblgu_ous. =14 22 Cls) =1+ ZZS*V - o0 4)

In Sect.2, we introduce the processes considered and dis- p— =
cuss the inference of long-range correlations. The method of
DFA is explained in SecB. In Sect.4, we interprete the in- results in infinite memory. A physical example for such a
ference of long-range correlations from empirical data as arProcess can be found in Kolmogorov's theory of turbulence
inverse problem and present the associated terms and quel=risch 1993. A mathematical model exhibiting long-range
tions. To exemplify the discussion, we present two modelscorrelation is e.g. fractional Gaussian noise (FGMag-
in Sect.5. Establishing power-law scaling of the fluctuation delbrot and van Nesd968. For this process the asymp-
function is discussed with respect to local slopes and naturaotic relation Eq. 8) is already well satisfied for finite sam-
variability in Sect.6. Section? gives an overview over typ- ple sizes because it is the increment of the self-similar pro-
ical pitfalls. As a consequence of the foregoing discussionsC€ss fractional Brownian motion. A more flexible long-range

we review the DFA results of the Prague daily temperaturecorrelated process is given by fractional ARIMA[, ¢]
record in the last Section. (FARIMA) (Beran 1994 Granger 1980 Hoskins 1981).

However, for non-trivial autoregressive (AR) or moving av-

erage (MA) componentgp+¢=>0) it is possible that the
2 Short- and long-memory asymptotic relation Eq.3) is not satisfied for a finite sam-

le.

Many processes in nature are of such a high complexity that e concept of long-memory refers to non-periodic pro-
a description by deterministic models is difficult or not de- ;ogges. Thus, the recurrence due to periodicities like the
sira_ble. However, their charaqteristic behavior often is ef'MiIankovitch—cycIes in the climate system are not to be con-
fectively captured by stochastic processes. In 1485-  gjgered as long-range correlations, even if their (determinis-
selmannintroduced the concept of stochastic climate mOd'tic) behavior causes correlations for infinite time lags.
els and showed that the variability of the climate system in - An important question to characterize a given non-periodic
principle can be modeled by rather simple and linear AR-5cess is now to investigate, if its autocorrelation decays ex-
processes. .The time dependent structure qf linear StOChaStl?onentially or according to a power law. However, for obser-
processes is captured by the autocorrelation funafi@n  \ational data, one cannot investigate the decay of the auto-
of two points in time with lags. The integral ofC(s) over  cqreation function on arbitrarily large scales. Measurement
all lagss is often called memory or persistencergnberth  jimitations always restrict the analysis and interpretation to a

198'.3' . . range between two time scales independent of the nature of
Different classes of autocorrelation structures can be disine process: First, the sampling interved defines a mini-

tinguished with respect to the form of their decay for large pm time scale. Second, the finite length of the recbrd
time lagss: Many stochastic processes in nature exhibit yefines 3 maximum time scale. Intuitively, one might easily
short-range correlations, which decay exponentially: be tempted to refer to records with characteristic time scales
C(s) x e*/7, fors — oo. (1)  Close toAr as short-range and close Toas long-range cor-
related. This, however, ignores the fundamental difference
These processes exhibit a typical time scaleThis decay  of short-range and long-range correlated processes concern-
is fast enough to let the subn C(s) converge resulting ina ing the form of the decay of their autocorrelation as given

finite decorrelation timevon Storch and Zwiers1999, e.g.  in Egs. (1) and @). This difference is essential e.g. for esti-
for C(s) = e™/" mation of the variance of the mean, predicti@e(an 1994,
00 00 trend assessment (Kallache et al., 20@iratis, et al., 2001)
tp=1+ 22 Cis)=1+ 22 es/T and extreme value statistidslék and Markus 2004).
s=1 s=1
~ 2t fort > 1. (2)

3 Detrended Fluctuation Analysis (DFA)
We employ the decorrelation time as a measure for the mem-

ory or persistence of a process. Correlations on scales largestimating the autocorrelation functiafi(s) from empiri-
compared to the decorrelation time are negligible due to thecal data is limited to rather small time lagsand is af-
fast exponential decay. Thus, one also refers to these prdected by observational noise and instationarities like trends.
cesses as having short-range or finite memory. Typical exPeng et al(1994 suggested Detrended Fluctuation Analysis

amples are AR-processes. (DFA) to indirectly gain information about the correlation
A second class are long-range correlated processes char T
acterized by algebraically decaying correlations: Kallache, M., Rust, H., and Kropp, J.: Trend Assessment: Ap-

plications for Hydrology and Climate Research., Nonlinear Proc.
C(s) xs7 7, fors > oo, with O<y <1l 3) Geophys., submitted, 2004.
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structure imposed on a time series. The method works afverse problemHonerkamp1998. If the class of the pro-
follows: Given a realization (i) of length N of a stochastic  cess is not known a priori, it first has to be identified. This
process, one calculates the profilg): is exactly the setting when inferring the correlation structure
) N from realizations of an unknown process: Given the set of all
J 1 : : :
N N - , -1 . possible correlation structures, the inference of long-range
Y = X;[x(l) X, with ¥ = N ;x(’)' ®) correlations means
1= 1=
The profiley (i) is divided intoM non-overlapping segments 1. showing the compatibility of the given data set with a
of lengths. For DFAn, in each segment a best fit polyno- realization of a long-memory process,
. " ) e
mial trendpg ,, of orderr is subtracted from the profile: 2. excluding other possible correlation structures.
N nos
Ysm(@) = y(i) — pg (0. (6)  These two conditions — the necessary and the sufficient — are
often discussed with respect to the terms of sensitivity and

For each segmenmt the squared fluctuation is calculated: - - \ o
specificity: A procedure, that with a high probability detects

1 & compatibility with long-range correlations, whensoever they
Fisy== Y v? ) , = , : ;
m R i are present, is called sensitive. An algorithm that with a high
I=m-—1)s

probability rejects long-range correlations, when they are not
The squared fluctuation function of the process is estimateddresent, is said to be specific. The optimal algorithm would
by averaging over all segments: be sensitive and specific. A sensitive but unspecific algo-
rithm, however, would produce many false positive results,

2 1 ¥ 2 i.e. one would frequently detect long-range correlations. This
Fo(s) = M Z Fp (). (8) algorithm would not be suitable for a reliable inference. On
m=1 the other hand, an un-sensitive but specific algorithm would

This procedure is repeated for several’he minimum scale  be very conservative and would often reject the existence of

is given by the sampling intervals and the orden of DFA, long-range correlations.

a reasonable choice for the maximum scale is abpii® Df To our knowledge it has not been studied, if DFA can be
the total record length, due to natural variability as will be used to infer long-memory from realizations of a process
discussed in Sec6. For a more comprehensive description when it is not a priori clear, if this process is long-range cor-

of the algorithm and the influence of trends refeKintel- related. l.e. itis still an open question, how sensitive and spe-

hardt et al(2001). cific DFA behaves when investigating processes of unknown
For an uncorrelated seriegi) we get a squared fluctu- correlation structure for long memory.

ation function F2(s)xs (i.e. F(s)oxs®°) which reflects the A necessary condition for the existence of long-range cor-

linear increase of the variance of the profile. For time seriegelations is the scaling of the fluctuation functiéi(s) ac-
x(i) with algebraically decaying autocorrelations (By,. it cording to Eq. 9). Thus, in this paper, we mainly address
can be shown that in the limit of largethe fluctuation func-  the following questions:

tion increases according to a power lalagqu et al. 1995 ) )
1. How to conclude scaling from the DFA fluctuation func-

F(s) xs¥, a=1-—y/2, with 05<a<1. 9) tion?

Thus, analyzing the fluctuation function of long-range corre- 2. Does scaling necessarily imply long-range correlations?
lated processes for largereveals the decay exponent of the
corresponding correlation function for large

Taqqu et al(1995 have shown that DFA (with a subse-

quent straight line fit in the log-log plot) is an effective esti- To illustrate our line of argumentation, we consider a short-

mator for tgezHur('jst CO?;f_iCierf or equi\llalegtly for tfhehex- memory as well as a long-memory process and apply DFA to
ponenty=2—2H describing the power-law decay of the au- .y, The choice of the model parameters is motivated by the

toc?rrellatmn f;JII’ICtIOH. The ability of DFA to eStlmadtefgomd_ﬁ example of the Prague temperature record studied in 8ect.
realizations of long-memory processes corrupted by differ-o g yij| pecome clear during the discussion. As an exam-

ﬁm |Qstat|ona(11r'|tlgs like trelndzi),ospll((:ehs, harmlog(l)cos and dgapf)le for along-range correlated process we simulate fractional
as been studied yu et al.(200), Chen et al(2002 an Gaussian noise according to the method giveFimmer and

Kantelhardt et al(2007). Konig (1995 with «=0.6. This process shows power-law
scaling in the autocorrelation function for a wide range of
scales. For the short-range correlated process we choose a
superposition of three AR[1]-processes,
In time series analysis, one aims to infer properties of an un- 3
derlying process, such as the process class itself or its paramy;) — ZAfyi (), yj()=ajyji—1)+n;i), (10)

j=1

5 Two example processes

4 The inverse problem

eters, from observational records. This is referred to as an
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Fig. 1. Fluctuation functions calculated for an artificial long-range Fig. 2. Local slopes of a realization of the short-memory model

correlated process with exponemt=0.6 (x DFAL, o DFA2) and  for different window sizes. FoF(s), approx. 50 points per order

a superposition of three AR-processasDFAL, A DFA2) as de-  of magnitude are calculated. For small windows, the bias is very

fined in Sect5. For each order of magnitude, approx. 50 values arejow, but the variability renders the interpretation difficult, whereas

calculated. To enhance clarity, only every third value is plotted.  for large windows, the variance is reduced at the cost of a biased
estimate ofx.

with 7;() being Gaussian white noise of zero mean and
variance +-a2. The latter insures vafy;)=1. We choose
A1=0.913,A2=0.396,A3=0.098,a27=0.717,a,=0.953 and
a3=0.998. Usingzj:e_l/ff we find the following character-
istic time scales for the individual AR[1] processes=3d,
1p=21d andr3~1.5 years.

small window. The window is then shifted successively over
all calculated scales. Figure2 shows the local slopes of a
realization of the short-memory model for different window
sizes. Choosing the optimal window size, one has to trade
bias for variance: For small windows, the bias is small, but
the variability renders the interpretation difficult, whereas for
large windows, the variance is reduced at the cost of a biased
estimate ofr. Thus, the extreme case of a single straight line
Figure 1 shows the fluctuation functions for a realization of fit to the_whole range of scaleg considered is r_nammally bi-
each of the two example processes defined in the previou@SEd' Since only one value ofis calculated, this does not
section withN=70492 andAr=1. For each order of mag- 2/0W to evaluate constancy.
nitude 50 values of equal distance in logarithmic scale are As a second consequence of the finite amount of data, one
calculated. For clarity reasons, we plotted only every thirdhas to quantify the variability for a given length of the record.
value. Since vicinal local slopes are not independent, confidence

To reliably infer power-law scaling of the fluctuation func- regions cannot be estimated easily from the procedure de-
tion, a straight line in the log-log plot has to be established.scribed in Sect6 (Denker and Keller1986. Instead, we
Since a straight line is tantamount to a constant slope, th@erform Monte Carlo simulations: For the two example pro-
local slopes(s) of log;o F(s) vs. logys have to be evalu- ~cesses, we simulate 1000 realizations to estimate mean and
ated for Constancy in a sufficient rang@ﬁtz and Schreiber standard deviation af for the scales considered. For a fixed
1995 Tsonis and Elsnerl995 Timmer et al, 2000. The  scales, the distribution ofa(s) is approximately gaussian.
extend of a sufficient range is still a matter of debate (see e.glhus, we employx(s)+1.960 (s) as estimates of the 95%
Avnir et al. (1999 and references therein). This concept hasconfidence bands.
been introduced in the context of estimating correlation di- Figure 3 displays the local slopes of the DFA1 (a) and
mensionsCaputo et al.1986 Tsonis and Elsned995 and, = DFA2 (b) fluctuation functions, estimated from one real-
in a different setting, has also been suggested for IFgg  ization of each of the example models using a window of
etal, 1993. 21 points. Additionally, the corresponding 1®@ntervals

For a finite amount of data the estimation of the local around the mean of each model are plotted. The realiza-
slopes brings along a certain variability and even for a long-tion of the long-memory process shows fluctuations around a
memory process like FGN, the local slopes of the empiri-constantx within the corresponding 1.86interval, increas-
cal fluctuation function show variations around a constant ing like o oci/s (Peng et al.1993. The local slopex(s) of
This has two consequences for the calculation and interprethe short-memory realization, however, decreases constantly
tation of the local slopes: First, estimating the local slopesin the beginning and basically follows the local slope of the
by finite differences results in a large variability. This can be long-memory realization for scales larger than,lpg=2.5.
reduced fitting a straight line to 16§ (s)) vs. log(s) within a Thus, for a certain choice of parameters, a short-range corre-

6 Establish scaling
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lated model can mimic scaling in a finite range. Due to the A
principle of variance superposition for DFA( et al, 2001),

a suitable superposition of three AR[1] processes produces
this effect in the fluctuation function analogously to the same 'y
effect in the spectral domain describedHausdorff and Peng e
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However, a general dilemma related to the inference of Ty
long-memory emerges: For a finite time series, one will
always find a short-range correlated model to describe the L.
data Beran 1994. Thus, considering the inference of long- +;;r;r;--'n_.' o
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2. To exclude possible long-range correlated models. Fig. 3. Local slopes of th¢a) DFA1 and(b) DFA2 fluctuation func-
tion calculated for an artificial long-range correlated process with

. e . . . exponentr=0.6 (x) and a superposition of three AR-processg} (
The first condition is always fulfilled, since one will always as defined in Secb. The dashed and the dotted lines border the

find a short-range correlated model to describe a finite datapadowed 1.96 intervals obtained from 1000 realizations of the
set. Thus, for the inference of short-memory, DFA is sensi-two processes, respectively.

tive. The second condition is not fulfilled for the given exam-

ple, because the record length is not sufficient to detect the

short-memory character=0.5 for larges of the AR-model 7 pitfalls

by means of DFA. For longer time series as shown in &jg.

when a plateau of=0.5 is identifiable, long-memory can 7.1 The double logarithmic plot
be excluded and the specificity of DFA to infer short-range

correlations increases. Investigating only the double logarithmic plot of the fluctu-

The capability of short-memory models to reproduce find- ation function, one is tempted to rashly conclude for long-
ings which are associated with long-memory has also beemange correlations. Due to properties of the logarithm, fluctu-
considered with respect to the Hurst phenomerolLeod ations are suppressed in a log-log plot and the deviation from
and Hipe] 1978 Montanari et al.2000. However, itis not  a straight line is not easily visibl& éonis and Elsned995.
always meaningful to model finite data with a short-memory Also, restricting the analysis to a straight line in the log-log
model: the longer the scaling region of a short-range modeplot forcesF (s) in the procrustean bed of power-laws. It will
shall be, the more parameters and tuning are required. lalways yield some value for the slope but the suitability of the
may be advantageous to describe a data set exihibiting sevinear description is not evaluated. For the inference of long-
eral orders of magnitude of power-law scaling with a long- range correlations, this procedure would be sensitive but not
range correlated model with few parameters rather than wittspecific in the sense, that long range correlations would be
a short-range correlated model with a large number of paattributed to all processes with-20.5 for the largest scale
rameters. To decide which model to prefer with respect toobserved. Such a result would trivialize the concept of long-
parameter parsimony, one could e.g. employ a likelihood aprange correlations and provide no insight into the process.
proach combined with an Akaike-type model selection crite-Thus, to reliably infer a power-law, a straight line may not
rion (Beran et al.1998. be assumed a priori but has to be established, as discussed
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Fig. 4. Empirical fluctuation function of the short-memory model Fig. 5. Analytical autocorrelation function of the short-memory

Eq. (10), estimated from 200 realizations of length N=1000 000 model Eq. 10) (dashed dotted line). The dashed lines depict the

(solid line). A region of approximatively constant slope occurs be- autocorrelation functions of the single AR[1] processes with short-

tween log g s~2.8 (s~600) and log gs~3.8 (s~6000,~16 years).  est and longest time constant respectively. In a scale range from

On larger scales, the slope reducesote0.5 characterizing the  |og, 520 (s21) to maximally logs~3 (s~1000) the autocorre-

short-memory nature of the model. lation function approximately follows the power law wijh=0.8
(solid line). For larger scales, it turns into an exponential decay de-
termined by the AR[1] process with the largest time constasit.5

in Sect.6. Even if scaling is present, it is difficult to deter- years.

mine the beginning and ending of the scaling region in the

log-log plot. However, the resulting value ferderived from

a straight line fit strongly depends on the fit boundaries if thecal autocorrelation function as shown in Fig. The dashed

realization does not stem from a scale free process. lines depict the autocorrelation functions of the single AR[1]
processes with the largest and the smallest time scale, the au-
7.2 Finite scaling of short-memory processes tocorrelation function of the superposition of the three AR[1]

processes is given by the dashed-dotted line. The solid line
According to Sect2, the autocorrelations of short memory represents a power-law with expongnt0.8 as expected,
processes decay exponentially for largand are negligi-  when applying Eq.9) to the exponentv=0.6 as derived
ble on scales large compared to the decorrelation tigie  from the fluctuation function. We find that the region of al-
(Eg. 2). Consequently, for scales large enough, the slopemost constant slope of the autocorrelation function is located
of the fluctuation function of such a process converges toon smaller scales betweer:1 and maximallysa~1000 &3
«=0.5. However, for a finite set of data one cannot be ayears). Thus, based on a finite scaling region found in the
priori sure that the series is long enough to observe this. Fofluctuation function of a short-memory process, it is not valid
a record of the short-memory model definded in SBaf  to conclude that an equal scaling region exists also for the au-
length 70492 points the local slopes of the fluctuation func-tocorrelation function.
tion of the largest observed scales is compatible with power-
law scaling. A plateau witlk=0.5 is not observed (FigB).
Thus, one might be tempted to conclude long-memory. How-8 Memory of temperature records
ever, analysing a much longer record (1 000000 points) of ) _ ) )
the same model yields a plateau with-0.5 for larges as ~ AS a consequence of the previous discussion, we review a
can be seem from Figl. Therefore, for a process with un- Prominent DFA result. It has been stated Kpscielny-
known correlation structure it is misleading to use0.5 as ~ Bunde et al(1998, that temperature records follow a uni-
evidence for long-memory. It might very well be that the versal scaling law. This behavior was said to be found in

record is too short to observe a plateau wita0.5. numerous data sets. For a discussion of the existence of uni-
versal scaling exponents s&sonis et al(2000. Here, we
7.3 Shift of the finite scaling region want to check these findings exemplarily in the daily air tem-

perature dataset of Prague starting from 1 January 1800 up
As shown in Sect6, under certain conditions also short- to 12 December 1992=70492). To test, whether the un-
memory processes can exhibit a finite “scaling” region. derlying process is long-range or short-range correlated, we
Thus, the question arises, if such a scaling region derivedidjusted the long-range correlated model and the AR-model
from the fluctuation function corresponds to the same regiorgiven in Sect5 to the data set.
in the auto correlation function. To address this question, we We apply DFA1 and DFA2 to the temperature anomalies
relate the fluctuation function shown in Figjto the analyti-  AT;=T;—T; giving the deviation of a days temperature from



D. Maraun et al.: Tempting long-memory 501

4+t o
- + - :
o ++++++ i,
++++ +\
+++ 24
T a T i
— ++F alba e
DN ++T ABLE e o
P ++F ALD s @ | I il
° ++++ AAAA S 4._|_+\ —”/
_g’ +++++‘F" AAAAAAA X 4"‘‘'‘-l--{---|-+_|__'_"'_-'- SR == ++
o +* o @ ANezzoIII Il T e T
AAAAAA T T TR b
AAA& < T2 N
A a® o Sl
T a (@) K
T T T T T T
' T T T T T ' 1.5 2.0 25 3.0 35 40
1.0 15 2.0 2.5 3.0 35 4.0
log1o s
logio s (a)
Fig. 6. DFA1 (+) and DFA2 @) fluctuation function of Prague o %
daily air temperature data caculated for approximately 50 points per =] ‘\;‘
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the average over several years for this day of the year. An 3 T
investigation of higher orders of DFA does not significantly (b) )
affect the discussion presented while for DFA1 the effect of 's 20 25 a0 as a0

a trend might be suspected.(s) is calculated for approxi-
mately 50 points per order of magnitude upi=N/4and logro’s
is shown in double logarithmic representation in Fégor

DFAL and DFA2. Fig. 7. Local slopes of the fluctuation functions plotted in Fégor

(a) DFAL and(b) DFA 2 of the Prague daily temperature data. The
The behavior is qualitatively different from white noise. gotted lines border the 1.86confidence regions of the short-range
However, following the discussion in Se6t.we have to es-  correlated model Eq10) (dark shadow), the dashed lines those of
timate the local slopes to investigate for power-law scaling.the long-memory model with=0.6 (light shadow).
From the fluctuation function, we estimate the local slopes
using a straight line fit in a small window of 21 points.
9 Conclusions
According to Sect6, DFA is not specific when investi-
gating for long-memory. However, we alternatively study i
long-memory can be excluded. Figurésand7b show the

¢ In this paper we studied the inference of long-range correla-
tions by means of DFA with respect to the notions of sensi-
local slopes for DFAL and DFA2 of the Prague daily tem- tivity and specificity. We argue thgt the in.ferenpe of a [ong—
perature record and additionally the 1s9@onfidence in- fange correlated process underlying a given time series re-
tervals derived from the two models. For both orders of duires notonly to show compatibility of the data with a long-
DFA the result for the empirical data is almost completely fange correlated process. Furthermore, other possible corre-
within the 1.9 interval of the short-memory process. In lation structures, especially short-range correlations, have to

the range of large with high variability, we find the lo- ~Pe excluded. , o
cal slopes also within the 1.86interval corresponding to Power-law scaling of the DFA fluctuation function is fre-

the long-memory process. Thus, from the given data, Oneguentl_y taken as evidence _for ang-range correlations. To re-
cannot decide whether the Prague temperature time series {@Ply infer power-law scaling, it must not be assumed but

a realization of a short-memory or a long-memory processas to be established. This can be done by estimating local
However, considering all scales observed, the short- memory!0P€s and investigating them for constancy in a sufficient
model describes the data better than the long-memory moddpnge. However, finite datasets bring along natural variabil-

with respect to DFA. If the underlying process was short- ity. To dec_lde, if a fluctgatlng estimation of the slope ha_s_

range correlated, data sets of sufficient length would provid(-frf0 be C(_)n5|der(_ed as being constant, we calculfated empiri-
estimates of sufficient accuracy to identify the short-memoryc@l confidence intervals for a long-range and a simple short-
character. According to Sect.2, we expect such a time se- 'ange correlated model.

ries to be much longer as the recorded ones.
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As a main insight, the inference of long-range correlationsCaputo, J. G., Malraison, B., and Atten, P.: Determination of at-
from a finite amount of data turned out to be not specific by tractor dimension and entropy for various flows: An experimen-
means of DFA. Alternatively, one can investigate, if short- talist’s viewpoint, in Dimensions and Entropies in Chaotic Sys-
range correlations can be inferred for the underlying process. teéms, edited by Mayer-Kress, G., Springer Series in Synergetics,

For this setting, the specificity increases with the length of _ SPringer Verlag, Berlin, 32, 1986. _
the data record. Chen, Z., lvanov, P., Hu, K., and Stanley, H.: Effect of nonstationar-

. . . . . . . ities on detrended fluctuation analysis, Phys. Rev. E, 65, 041107,
Discussing typical difficulties of interpreting DFA results, ;15 5q92. y y

we remark that scaling cannot be concluded from a straighbenker, M. and Keller, G.: Rigorous statistical procedures for data
line fit to the fluctuation function in a log-log representation.  from dynamical systems, J. Stat. Phys., 44, 67-93, 1986.
Additionally, we show that a local slope larger thas-0.5 Elek, P. and Mrkus, L.: Along range dependent model with nonlin-
for large scales does not necessarily imply long-memory. If ear innovations for simulating daily river flows, Nat. Haz. Earth
the length of the time series is not sufficiently large compared Sys. Sci., 4, 277-283, 2004,

to the time scales involved, also for short-memory processes SRef-ID: 1684-9981/nhess/2004-4-2.77

«=0.5 may not be reached. Finally, we demonstrated, thafraedrich, K. and Blender, R.: Scaling of Atmosphere and Ocean
it is not valid to conclude from a finite scaling region of the Temperature Correlations in Observations and Climate Models,

fluctuation function to an equivalent scaling region of the au- _Phys' Rev. Lett, 90, 108501, 1-4, 2003,
. . Frisch, U.: Turbulence: The Legacy of A. N. Kolmogorov, Cam-
tocorrelation function.

. L . . . bridge University Press, 1995.
Keeping these findings in mind, we reviewed the DFA re- Gjratis, L., Kokoszka, P., and Leipus, R.: Testing for long memory

sults for the Prague daily air temperature record and com- in the presence of a general trend, J. Appl. Prob., 38, 1033-1054,
pare them to a long-range and a short-range correlated model 2001.

constructed using AR[1]-processes. Considering only largeGovindan, R. B., Vyushin, D., Bunde, A., Brenner, S., Havlin, S.,
scales, for the given data set, one cannot reject the one or the and Schellnhuber, H.-J.: Global Climate Models Violate Scaling
other model. For the short-range correlated model, a much of the Observed Atmospheric Variability, Phys. Rev. Lett., 89,
longer series would be necessary to identify a local slope of 028501, 1-4, 2002. o _
a=0.5. The short-range correlated model we used involvescranger, C.: Long Memory Relationships and the Aggregation of
time scales up te-1.5 years. This might be regarded as long _dynamic models, J. of Econometrics, 14, 227-238, 1980.

compared to the samplina time of one dav but it is Consider_Hasselmann, K.: Stochastic climate models: Part |. Theory, Tellus,
P ping y 28, 473-485, 1976.

ably small-compare(-zl to the decades of persistencg which A8ausdorff, J. M. and Peng, C.-K.: Multiscaled randomness: A pos-
proposed in e.d<oscielny-Bunde et a(1998 andGovindan sible source of 1/f noise in biology, Phys. Rev. E, 54, 2154-2157,
et al.(2002. 1996.

However, it is not our intention to advocate for AR- Honerkamp, J.: Statistical Physics, Springer, Berlin, 1998.
processes being suitable to model temperature variation. Fdroskins, J.: Fractional Differencing, Biometrica, 68, 165-176,
a certain range of scales, a power-law model can be formally 1981.
suitable to describe characteristics of even short-memoryiU; K., Ivanov, P. C., Chen, Z., Carpena, P., and Stanley, H. E..

processes. This, however, does not give evidence for long- Effect of Trends on Detrended Fluctuation Analysis, Phys. Rev.
memory. ’ ' E, 64, 011114, 1-19, 2001.
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