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Abstract. Several methods exist for the detection of nonlin- flow are predominantRilgrim, 1976 Wang et al. 1981),
earity in univariate time series. In the present work we con-while other studies supported opposite conclusidsfn-
sider riverflow time series to infer the dynamical characteris-son et al. 1995 Goodrich et al.1997). Other works linked
tics of the rainfall-runoff transformation. It is shown that the the evidence of nonlinearity to the value of discharge, de-
non-Gaussian nature of the driving force (rainfall) can distorttecting a stronger nonlinearity during periods of hidfu(
the results of such methods, in particular when surrogate datand Brutsaert1978 or low (Pilgrim, 1976 discharges. Still
techniques are used. Deterministic versus stochastic (DVSyther authors related the nonlinearity to the time scale un-
plots, conditionally applied to the decay phases of the timeder analysis, observing that linearity dominates in the annual
series, are instead proved to be a suitable tool to detect norand monthly dischargefR@o and Yu199Q Chen and Rao
linearity in processes driven by non-Gaussian (Poissonian003. It can be certainly stated that the problem deserves
noise. An application to daily discharges from three Italian further investigations, also because of its practical implica-
rivers provides important clues to the presence of nonlineartions in the formulation of efficient models for forecasting
ity in the rainfall-runoff transformation. and simulating the evolution of river flowsinorochq 1967,
Weiss 1977, Rogers1982 Pilgrim and Cordery1993 Mur-
rone et al.1997 Chen and Rad2003.

Nonlinearity in the rainfall-runoff transformation is in-
vestigated here in a univariate setting, by considering daily

The processes that control the rainfall-runoff transformation"V€" flow time Seéquences. To this am, we be:neﬂt from
contain nonlinear deterministic components: examples ofP2S€ Space reconstruction methods, originated in the frame-

such processes include the unsteady flow in the channel neyy0r||< olfgn;hlxsarbtlmel si(;rées znalysﬂéagesnshlgil Egg? '
work, the infiltration in the vadose zone, the control of veg- et ﬁ’ b Jigg ar "’;Feh a'd an;z an .gll'rel ¢ ’
etation on transpiration, and the presence of several threstChreibes 9, which provide the possibility to recover

old processes governing the dynamics such as interceptiorﬁt1e dyrf1arr]nics frorr:] gnivar?atehtir:]]e dselr ieg,. |S$V|((ajr?1| appblica-
deep infiltration, etc.Rorporato and Ridolfi2003. How- ~ Uons of these techniques in the hydrological field have been

ever, the presence of nonlinear components in a system doégoposed (see the review papers Siyakumar(2009 and

not imply that all signals measured from the system are them_Swakumar(ZOOéI)). Clues to the existence of nonlinear de-

selves nonlinear (e.Gchreiber and Schmit2000. For ex- terministic components have emerged, but great caution is

ample, the local nonlinearities can act in opposite direction?efessarr]y t% d'igggu'slh freal nonl;]nean:]y :‘jromdspurlous re-
and compensate one another, or they can be quantitativel ults Schreibey 1999. In fact, each method to detect non-

small compared to other stochastic components inearity in a time series has its peculiarities and drawbacks

As a result, despite a remarkable amount of literature Onespeually when applied to real datéofporato and Ridolf

this topic (seePorporato and Ridolf{(2003 for a review), 1997. o
the linearity or nonlinearity of the rainfall-runoff transfor- 1 1€ non-Gaussianity of the data and the presence of a sea-

mation remains an open question. For example, some re'sonal.comp'onent are possible causes of distortion produc-
searchers reported a higher degree of nonlinearity in smafin9 misleading results of the nonlinearity tests. The scope of

catchments, where overland flow and unsaturated subsurfaddiS Paper is to draw the attention to the effects of these fac-
tors, with particular regard to non-Gaussianity, and to cau-

Correspondence td=. Laio tion against the widespread use of surrogate data techniques,
(francesco.laio@polito.it) which are prone to produce spurious results in the presence

1 Introduction
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inal data are generated by an ARMA process is rejected.
@) The tests differentiate according to the nonlinear statistics
| used in the second step. This is a key poi&threiber

i 1 and Schmitz 1997, 2000 and several criteria have been

3 1 proposed; e.g. predictabilityChang et aJ.1995 Basu and

L i Foufoula-Georgiop2002), characteristics of the exceptional
events Kaplan 1994 Chang et al. 1995 Barnett et al.
1997, structure of the volatility Ashkenazy et a).2003,

and time reversibility $chreiber and Schmit2997).

0 200 400 600 800 1000 In the last years the surrogate data approach has become
so popular that the surrogate series have often become syn-
onymous with linearity. In reality, this is correct only if the

8 ‘ ‘ ‘ ‘ random component of the dynamics is known to be a Gaus-
sian noise, which is seldom the case for daily discharge time
series. Other types of noise can produce misleading results:
an example is provided by a linear shot noise process (e.g.
Cox and Isham198§ Laio et al, 2001

dx (1)
t
wherenN (1) = Zt_oo 8(t —1;)A; is white Poisson noise, i.e.

000 800 1000 a marked point process where both the events’ inter-arrival
times, t; — t;—1, and the jump sizes);, are exponentially
distributed §(-) is the Dirac delta function). The process
is linear, but the series is evidently very different from its
surrogate counterpart (see Fids. and b), since no ARMA
process, even nonlinearly distorted with a static transforma-

of these effects (Sect. 2). Deterministic versus Stochastidion, can reproduce the jump-decay structure of the original
(DVS) plots Casdagli 1991, conditionally applied to the Process. _ o

phases of decay of the time series, are shown to be a versatile These differences can easily lead to a rejection of the test
and robust tool to discriminate between linear and non-lineaull hypothesis, even if the process is linear: in fact, when
time series, even when the Poissonian (or, in general, jump§urogate data techniques are adopted, the null hypothesis
components dominate, as often happens in daily dischargté Gauss[an—llnee.mty. rather than.hr_]eanty alone. For exam-
time series (Sect. 3). An application to three daily dischargeP!e, the time series in Figla exhibits a clear temporal ir-
time series from Italian rivers confirms these findings, andreversibility, that contrasts with the reversibility characteris-

demonstrates the practical usefulness of the tool (Sect. 4). tic of linear Gaussian processe#/diss 1975 Diks et al,
1995 Daw et al, 2000. In fact, the simple third order statis-

tic r proposed bySchreiber and Schmit2000 to test for
2 Nonlinearity and non-Gaussianity reversibility produces a value @&=0.34 for the linear shot

noise process, well above the maximum value-60.095
Some confusion between nonlinearity and non-Gaussianitybtained from 20 surrogate series. The test works correctly,
arises from the widespread adoption of surrogate data tectsince it allows one to reject the null hypothesis of linear-
niques in testing for nonlinearity. Surrogate data are timeGaussianity, but the results should not be misinterpreted as
series generated by a stationary Gaussian linear stochasticclue to nonlinearity. As a consequence, in all cases when
process (i.e. an autoregressive moving-average, or ARMAthe presence of non-Gaussian noise is suspected, the surro-
process) and possibly distorted through an invertible, staticgate data technique (as presently formulated) is useless to
nonlinear observation function in such a way that they havedetect possible nonlinearities. Similar considerations apply
similar spectrum (or autocorrelation function) and probabil- to other highly regarded tests for nonlinearity, like the BDS
ity density function to the original time series to teEhgiler test @rock et al, 1996, which are based on fitting a linear
et al, 1993 Schreiber and Schmit2200Q Kugiumtzis Gaussian model to the data and analyzing the residuals (see
2002. They are used according to the following logical alsoBarnett et al.1997).
steps: (i) a significant set of surrogate series is artificially Going back to the river flow time series, the basic point
generated, for example using the TISEAN 2.1 packéteg( is then to understand how important the non-Gaussian com-
ger et al, 1999; (ii) statistics sensitive to nonlinearity are ponent of the noise is: a visual inspection of the time series,
determined for both surrogate and original series; and (iii)and a revision of the literature on synthetic streamflow gen-
if the statistics of the surrogate are significantly different eration (e.gLawrance and Kottegodad977), can lead to the
from the original series, the null hypothesis that the orig- consideration that the degree of Gaussianity is linked to the

x(t)

N W A 1O N

time t

0 200 400

time t

Fig. 1. Samples from(a) a linear shot noise model) and (b) a
correspondent surrogate series.
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Fig. 2. DVS plots for(a) a linear and(b) a nonlinear shot noise  Fig. 3. recDVS plots for the samg@) linear and(b) nonlinear shot
process. The size of the testing set is 1000 datd, and7 =1. noise process as in Fig.

relation between the aggregation time of the d&taand the
concentration time of the catchmeft, WhenT,>T,. (e.g.

monthly discharges) the time series is smooth and does nQbeterministic versus stochastic (DVS) plots have been pro-
have evident characteristics that contradict an eventual |'”e315osed byCasdagli(199]) to explore time series dynamical
Gaussian dynamics; in fact, ARMA process are often em-pgperties and to detect the presence of chaos in the underly-
ployed to generate monthly streamflow da&ales 1993.  jng system. In this work they are employed as an investigat-
In contrast, wherl, T, (e.g. daily discharges for medium- jnq tool which allows to avoid some problems affecting other

size basins) the time series has a structure that resemblesinearity tests. The basic idea behind the use of DVS
stochastic jump process: the intermittent occurrence of raing|ots 1o test for nonlinearity is to compare linear and non-

fall produces jumps that are followed by recession curvesjinear models to see which more accurately predicts the fu-
The series is irreversible.@wrance and Kottegodd977,  yre. Suitable linear and nonlinear prediction models need to
and_shot noise models are often us_ed to generate the daj defined. Followingasdagli(1991), the dynamics is first
(Weiss 1977 Murrone et al. 1997). Finally, whenT,<7.  reconstructed in the phase space from the measured time se-
(e.g. hourly discharges) the discharge increments cannot bﬁes{xi}, i=1,.N, by using Takens’ delay time method, with

seen as instantaneous jumps, but the series is still dominatggoperly chosen embedding dimensiarand delay timer.
by the random and intermittent occurrence of rainfall events, ¢4 linear models,

which maintain a high degree of irreversibility in the time se-

ries. On these grounds, it is clear that the nonlinearity tests, , = ag + a1x; + asxi_z + ... + AmXi—(m—1)7» 2)
using surrogate time series are useful only whgm>T,,

while they can lead to erroneous conclusions in the other twovhere T is the forecast time, are then fitted using the
cases (e.d.ivina et al, 2003. nearest neighbors of the regressor vegior .., xi—n—1)r]-

3 Detecting nonlinearity by DVS plots
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fix a priori the number of neighbo¥ks with different choices

1200 @ ‘ possibly leading to opposite results in terms of nonlinearity
__ 900¢ 1 detection. The robust and qualitative DVS technique seems
"§ s00| more appropriate, at least when the object of the nonlinearity
= analysis are short and noisy real data time series, which are
300} 1 more liable to produce ambiguous results.
0 As a check of the ability of the DVS technique to detect
1953 1954 1955 1956 1957 1958 nonlinearity when non-Gaussian noise is present, we apply
time (years) the DVS method to the linear shot noise modgl(6ee also
2400 ‘ o) ‘ Fig.1). DVS plots take the form of Figa: the plot is mono-
18001 tonically decreasing, proving that the best predictions are ob-
Q) tained with a global linear model. DVS plots are thus able to
g 1200} I recognize the linear nature of the underlying dynamical sys-
7 ool | tem, without being biased by the presence of non-Gaussian
noise.
D=3 1954 1955 1956 1957 1958 As a counterproof, the DVS method is also applied to an-
time (years) other artificial time series, similar to the linear shot noise pro-
8000 : o : cess 1) but characterized by a nonlinear loss function,
C
g % = x50 + N, (o). 3)
“g 4000}
T 20001 The best predictions are no more found at the right extreme
of the DVS plots (Fig.2b) but the minimum of the predic-
0 : : : : tion error is not as pronounced as it would be expected for
1953 1954 1955 1956 1957 1958 . )
time (years) a markedly nonlinear process. The problem is that the pro-

cess is dominated by the stochastic component (the random
jumps), while the nonlinearities are somewhat hidden in the
recessions. In fact, the processes generatedlogrd @)

do not show striking differences at a visual inspection. How-
ever, these nonlinearities can be very relevant from a physi-
) . . . cal viewpoint: for example, they would be an evident clue to
Whentk is low, the forecasting model is the first order non- e nonlinearity of the rainfall-runoff transformation if they
linear prediction method dfarmer and Sidorowic(l987,  \yere detected in discharge time series. The relevance of the
while for k equal to the total size of the fitting set one finds qhic demands special tools for the detection of nonlinearity
a globally linear model. A measure of the prediction €#0r i time series driven by non-Gaussian noise. One of these
can be calculated on a testing set for varylngnd plotted 405 is found in a conditional form of the DV'S technique, as
against logk) to obtain the DVS plot: a decreasing plot indi- yetailed below.

cates a better aptitude of global linear models to predict the The pasic idea behind the method is to look for nonlin-
dynamics, and it is a clue to an underlying linear stochastiCeayities where they are expected to be, i.e. in the recession

system; a curve monotonically increasing or with a minimum ¢, yes. Linear and nonlinear predictions are thus carried out
at a low value ok shows evidence of low dimensional chaos; by choosing thek nearest neighbors such that they all be-

Fig. 4. Samples of daily discharge time series fay DB, (b) TA
and(c) PO rivers.

finally, the presence of a minimum for intermediateal-  |ong to recessions, which are loosely defined here by impos-
ues suggests a non!lnear stochasth behavior qf the dynan;ﬁg the conditionx;>x;+7. The prediction erroe is then
ical system. Following the suggestion Gasdagli(1993, evaluated on the set of points of the testing set belonging to

the mean ab_sol_ute error rather theh the mean squargd EITor iScession curves. By measuriador varying k one gets a
Faken as an |n.d_|c_ator of th_e prediction accuracy, basically forpy/g plot which is targeted on the recession curves (in short,
its lower sensitivity to outliers. a recDVS plot). Application of the recDVS technique to
The DVS technique cannot be considered a rigorous stathe linear shot noise process) (s reported in Fig.3a and

tistical test, since no test statistics is produced which al-shows a well behaved decreasing curve from small to large
lows a univocal acceptance or rejection of the null hypoth-k’'s, without substantial differences from the classical DVS
esis of linearity. However, the DVS method is more generalplot. An analogous recDVS plot for the nonlinear shot noise
than other techniques that are used in the literature, and iprocess §) produces the results in Figb: the mean abso-

is less prone to produce erroneous results, except for partidute error has a clear minimum farbelow 100, providing
ular casesTheiler et al, 1993. For example, tests which a relevant clue to nonlinearity of the process, that was not
compare linear and nonlinear prediction in an apparently for-so evident in the classical DVS plot. The method is there-
mal manner (e.gChang et al.1995 Schreiber and Schmitz  fore unbiased and it is more powerful than the classical DVS
1997 Kugiumtzis 2002, have the drawback of requiring to technique when applied to time series driven by Poissonian
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Fig. 5. DVS (left panels) and recDVS (right panels) plots for standardized daily dischar¢&savfd(b) DB, (c) and(d) TA and(e) and(f)
PO rivers. For all cases, the size of the testing set is 2 yeatsday andl'=1 day.

noise, while it provides analogous results to the DVS dia-Tanaro river at Montecastello (TA) and the Po river at Pon-
gram when the noise is Gaussian. khealues in Fig3are  telagoscuro (PO). The same three rivers were selected as the
consistently lower than those in Fig.for two reasons: (i)  object of investigation byorporato and Ridolf{2003, to
the random jumps in the trajectory are not considered in thevhich the reader is referred for details regarding the main
forecast when applying the recDVS technique, and (ii) thefeatures of the drainage basins and of the discharge time se-
predictions in Fig3 take advantage of the prior knowledge ries. We remark here that the basin areas~a8800 Kn?
thatx; .7 will be lower thanx;, an information which is ob-  (DB), ~8000 Kn? (TA) and~70 000 Kn? (PO); for the DB
viously unavailable in real forecasting. and TA rivers the concentration time can be estimated to
be close to the aggregation time of the time series (1 day),
T,~T., while for the PO river one hag,<7.. As ex-
4 Application to river flows pected from the classification in Sect. 2, the jump-recession
structure of the time series is predominant for the DB and
Three daily river flow time series are considered (see4)ig. TA rivers, while for the PO river the sudden jumps in the
pertaining to the Dora Baltea river at Tavagnasco (DB), thetrajectories are replaced by slower rises of discharge in
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correspondence to the rain events; even in this case, the role
of non-Gaussian noise is however relevant: in fact, recession
curves are easily recognizable from the rising limbs of the
hydrographs, demonstrating a lack of time-reversibility.

DVS and recDVS techniques are applied to the standard-
ized discharge time series, with the results reported inF-ig.
for typical values of the embedding dimension and delay time
(m=2, 4 and 10 ana=1 day, see alsBorporato and Ridolfi
(2003). When the classical DVS plots are employed (left
panels in Fig5), one obtains rather ambiguous results, with
a general tendency towards having a minimum of the predic-
tion error for large values o, or, in particular for the DB
river, a gentle minimum fok lower than 1000. The results
are rather robust with respect to changimgr or the predic-
tion jump7, and agree fairly well with the findings &forpo-
rato and Ridolfi(2003. When in contrast the recDVS tech-
nique is adopted (right panels in Fig), one obtains much
clearer results, with well-shaped minima foraround 100,
providing good evidence of nonlinear dynamics in the reces-
sion curves. Only for the PO river the results are slightly less
definite, possibly due to role of the larger concentration time.
Itis noteworthy that daily river flows behave in a very similar
manner to the nonlinear shot noise mod®| (ith an almost
flat DVS plot and a clear minimum in the recDVS plot. This
finding has important implications for the problem of select-
ing a suitable model for synthetic streamflow generation.

Before assuming as ascertained the presence of nonlinear-
ity, a further point needs to be considered: the presence of a
seasonal component in the dynamics can dilate the coherence
times and mislead the nonlinearity tests, which are prone to
mistake seasonality for nonlinearityfi{eiler et al, 1993.

Two ways for investigating if DVS plots are influenced by
seasonality can be considered: an artificial linear time se-
ries with a superimposed seasonal component can be gen-
erated and tested for nonlinearity by using DVS techniques
(Theiler et al, 1993; or one can remove seasonality from a
real time series, and re-apply the DVS method to check if
relevant differences appear between the original and desea-
sonalized time series. Both methods confirm that seasonality
may produce a fictitious impression of nonlinearity, even for
linear time series. However, the effect is not very strong: the
superimposition of a sine wave to the linear modglauses

an increase of the prediction error for largeralues in the
recDVS plot, but the deviations of the DVS plots are not sig-
nificant. Accordingly, Fig6 demonstrates that, even when
seasonality is removed, a clear minimum for100 is re-
tained in the recDVS plots. Note that this result is robust with
respect to the method used to remove seasonality: in fact, the

t=1 and7=1 day. Open circles correspond to the original curves OPen diamonds in Fig COTreSand to a removal of season-
in Fig. 5, open diamonds to time series deseasonalized in the mearglity in the (monthly) mean, while the stars correspond to a
and stars to seasonally standardized data. In order to facilitate theeasonal standardization, i.e. to the removal of seasonality in

comparison, all the curves are reported to hawd at the right

extreme.

the mean and variance, obtained by subtracting the monthly
mean and dividing by the monthly standard deviation. The

full deseasonalization has a stronger effect on the DVS plots,
but the nonlinear signature of the dynamics remains evident.
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5 Conclusions Chen, H.-L. and Rao, A. R.: Linearity analysis on stationary seg-
ments of hydrologic time series, J. Hydrol., 277, 89-99, 2003.

The main results of this paper, related to the detection of non€ox, D. and Isham, V.: The virtual waiting-time and related pro-

linearity in non-Gaussian time series, are listed below. The cesses, Adv. Appl. Prob., 18, 558-573, 1986.

topic is crucial for river flow time series, that at the daily time Daw, C. S., Finney, C. E. A., and Kennel, M. B.: Symbolic approach

scale are typically characterized by a non-Gaussian behavior. flogzrzeggggng temporal “irreversibility”, Phys. Rev. E, 62, 1912—

(i) Surrogate data techniques are inadequate to testing noiiks, D., van Houwelingen, J. C., Takens, F., and DeGoede, J.:
Gaussian time series for nonlinearity: in fact, linear Reversibility as a criterion for discriminating time series, Phys.

non-Gaussian systems are easily mistaken for nonlinear Lett- A, 201, 221-228, 1995. o _
Gaussian dynamical systems. Farmer, J. and Sidorowich, J.: Predicting chaotic time series, Phys.

Rev. Lett., 59(4), 845-848, 1987.
(i) DVS plots are more robust towards non-Gaussianity,Goodrich, D. C., Lane, L. J., Shillito, R. M., and Miller, S. N.:
but they show the opposite problem: nonlinear non- Linearity of basin response as a function of scale in a semiarid
Gaussian systems show a similar response as linear Watershed, Water Resour. Res., 33, 2951-2965, 1997.

Gaussian systems, since the possible nonlinearities tenHec?fgr?gnﬁﬁé Z?:ieie r?gfnfgmce,é?rihTe':ﬁ;ﬁﬁla;,gﬁfgzegtﬁggg
to be dominated by the stochastic component. ' ' '

9(2), 413-435, 1999.
(i) Nonlinearity is better detected by concentrating on Kantz, H. and Schreiber, T.: Nonlinear Time Series Analysis, Cam-

those parts of the time series that are not disturbed by b';idge;n??rsEity P"ta_ss' ?ambrtidge, En%land’ 1f997d ermini
the jumps, namely the recession curves. A conditional aplan, ©. 1.. SXcepiiona Svents as evidence for determinism,

. . L Physica D, 73, 38-48, 1994.
DVS technique is then proposed, which is shown to pro'Kugiumtzis, D.: Statistically transformed autoregressive process

duce V.ery goqd results yvhen aPp”ed to synthetic non- and surrogate data test for nonlinearity, Phys. Rev. E, 66,

Gaussian (POISSOHlan) time series. 025201-1-025 2014, 2002.

. . . . Laio, F., Porporato, A., Ridolfi, L., and Rodriguez-Iturbe, I.: Mean

(V) At the Flme S.cale of the concentrauqn time, the dynam— first passage times of processes driven by white shot noise, Phys.
ics of river discharges show clear signatures of nonlin- o, ' 63(3), 036 105, 2001.

earity in the recession curves. Seasonality does not sub-awrance, A. and Kottegoda, N.: Stochastic modeling of riverflow

stantially modify this finding. time series, Proc. Royal Stat. Soc. A, 140(1), 1-47, 1977.

Liu, C. C. and Brutsaert, W.: A nonlinear analysis of the relation-
ship between rainfall and runoff for extreme floods, Water Re-
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