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Hydrological time series: 
daily river flux
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Vils river (Germany), 5-year sample
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Filtering out periodicities 
in the data
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� conventional deseasoning
� seasonal adjustment
� advanced filtering
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Methodology used in the research

Detrended fluctuation analysis
Auto-correlation function

Power spectrum

Schreiber’s test for nonlinearity
Long-term volatility analysis
Periodic volatility analysis

Multifractal detrended fluctuation analysis

To study correlations

To study nonlinearity

To study multifractality
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Detrended fluctuation analysis
Auto-correlation function

Power spectrum
To study correlations
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Autocorrelation function
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Power spectrum
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Fluctuation analysis

We consider the `profile´ �
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Uncorrelated records :

Long-term correlated records:

Advantage: Polynomial trends can be eliminated systematically
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determine its mean fluctuation F(s)  in time windows of length s.
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Schreiber’s test for nonlinearity
Long-term volatility analysis
Periodic volatility analysis

To study nonlinearity
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Linearity & Nonlinearity

Nonlinearity of time series may be defined with respect to Fourier phases

If statistical properties are independent of Fourier phases, then the series 
is linear (e.g., auto-regression processes)

Otherwise the series is nonlinear (e.g., multifractal processes)
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two-point correlations & histogram
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Volatilities

Magnitudes of the series increments

ii xx -+1

Correlated linear series have uncorrelated volatilities

Correlated nonlinear series have correlated volatilities

Thus, correlations in the volatilities is the proof for nonlinearity!

Y. Ashkenazy et al., Phys. Rev. Lett. 86, 1900 (2001)
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Schreiber’s surrogate test

� Shuffle the original series

T. Schreiber, A. Schmitz, Physica D 142, 346 (2000)

� Fourier transform the shuffled series and adjust
its power spectrum to the power spectrum of the
original series

� Inverse transform the obtained series 

� Adjust its histogram to the histogram of the original
series

� Repeat this till convergence
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Increments and volatilities of nonlinear  time ser ies 
form clusters which disappear  after  phase 

randomization.
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Periodic volatilities
First we compare the power spectra of the original

and shuffled increments 

V. Livina et al., PRE 67, 042101 (2003)

The or iginal flow increments and the surrogate increments have 
identical probability distr ibutions and very similar  power  spectra.
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Or iginal volatility ser ies shows a pronounced seasonal peak, 
the surrogate volatility ser ies does not show such a peak: 

the per iodicity in the volatility ser ies is a result of nonlinear ity
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Periodic Volatilities:
results for 30 rivers

(averaged for ten surrogate samples each)

Compared seasonal peaks of original and surrogate normalized 
volatility series (subtracted mean and divided by standard deviation)



Potsdam Workshop, December 12.-13, 2005

Long-term volatilities

For frequencies                                   the volatilities of original
series are correlated and those of the surrogates are

almost uncorrelated

11 5205.1 -- << yrfyr
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Long-Term Volatilities: 
results for 30 rivers

Compared long-term correlations of original and surrogate normalized 
volatility series (subtracted mean and divided by standard deviation)
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Multifractal detrended fluctuation analysisTo study multifractality
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Multifractality
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When small and large fluctuations scale differently

Generalized Hurst exponent: for positive moment q describes
scaling of large fluctuations, for negative q describes scaling 

of small fluctuations.

J. Kantelhardt et al., Physica A 316, 87 (2002)

Multifractal detrended fluctuation analysis:
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Multifractality: other measures
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Renyi scaling exponent

Singularity spectrum
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The width of spectrum characterizes the strength of
multifractal effect in the data. For monofractal series,

the spectrum collapses into one point.

A. Barabasi and T. Vicsek, Phys. Rev. A 44, 2730 (1991)



Potsdam Workshop, December 12.-13, 2005

Hydrological models

Deterministic

Stochastic

Conceptual (parametrizations)
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Descriptive stochastic model
Artificial data with cor related noise

on the background of asymmetr ic seasonal per iodicity
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represents the r iver  flow,         is a damping coefficient, which bounds the fluctuations 
in r iver  flow due to limited water  sources,  A  is  the fluctuation level,           is a long-term 
correlated noise, and p is an asymmetr ic per iodic function
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DFA3 curves for  Columbia r iver  and for  a sample of model data
Model reproduces crossover  and scaling exponents in shor t- and long-term range
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Power spectrum for  volatility ser ies of a sample of model data
and results of phase randomization of model ser ies
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DFA results for  volatility ser ies for  a sample of model data 
DFA results for  phase-randomized volatility model ser ies
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ASGi model

Vils river daily flux: 
observed and simulated

V. Livina et al., submitted to 
Journal of Hydrology

Dr P. Braun, Dr T. Molnar,
Germany
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Results of analysis: scaling
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Results of analysis: partition functions
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Results of analysis: 
Hurst exponents
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Results of analysis: 
MF spectra
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Results of analysis: 
long-term volatilities



Potsdam Workshop, December 12.-13, 2005

Results of analysis: 
periodic volatilities
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Summary

� Hydrological time series are highly correlated in short-term and
still correlated in long-term regimes (exponents 1.4 and 0.8)

� Hydrological time series are nonlinear: PV & LTV

� Hydrological time series are multifractal

� Suggested stochastic model reproduces statistical properties 
of the river flux

� ASGi model reproduces statistical properties of the river flux

� Described methods can be applied to studying signals of other
complex systems



Thanks for your attention!
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Detrended Fluctuation Analysis
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Maas river, 1918-1998
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