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Abstract During the last two decades or so, studies on
the applications of the concepts of nonlinear dynamics and
chaos to hydrologic systems and processes have been on
the rise. Earlier studies on this topic focused mainly on the
investigation and prediction of chaos in rainfall and river
flow, and further advances were made during the sub-
sequent years through applications of the concepts to other
problems (e.g. data disaggregation, missing data estima-
tion, and reconstruction of system equations) and other
processes (e.g. rainfall-runoff and sediment transport). The
outcomes of these studies are certainly encouraging,
especially considering the exploratory stage of the concepts
in hydrologic sciences. This paper discusses some of the
latest developments on the applications of these concepts to
hydrologic systems and the challenges that lie ahead on the
way to further progress. As for their applications, studies in
the important areas of scaling, groundwater contamination,
parameter estimation and optimization, and catchment
classification are reviewed and the inroads made thus far
are reported. In regards to the challenges that lie ahead,
particular focus is given to improving our understanding of
these largely less-understood concepts and also finding
ways to integrate these concepts with the others. With the
recognition that none of the existing one-sided ‘extreme-
view’ modeling approaches is capable of solving the
hydrologic problems that we are faced with, the need for
finding a balanced °‘middle-ground’ approach that can
integrate different methods is stressed. To this end, the
viability of bringing together the stochastic concepts and

B. Sivakumar ()

Department of Land, Air and Water Resources,
University of California, Davis, CA 95616, USA
e-mail: sbellie@ucdavis.edu

the deterministic concepts as a starting point is also
highlighted.
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1 Introduction

The inherent nonlinear nature of hydrologic systems and
the associated processes has been known for several dec-
ades now (e.g., Izzard 1966; Amorocho 1967; Amorocho
and Brandstetter 1971). However, much of early hydro-
logic research (especially during 1960s—1980s), largely
constrained by the lack of data and computational power,
resorted to linear (stochastic) approaches (e.g., Harms and
Campbell 1967; Klemes 1978; Salas and Smith 1981).
Although the linear approaches continue to be prevalent in
hydrology, advances in computational power and data
collection during the last twenty years or so have facilitated
proposal and application of nonlinear approaches as viable
alternatives. The nonlinear approaches include nonlinear
stochastic methods, artificial neural networks, data-based
mechanistic models, and deterministic chaos theory,
among others. The outcomes of applications of these
approaches for hydrologic modeling and prediction are
certainly encouraging, especially considering the fact that
we are still in the ‘exploratory stage’ in regards to such
approaches, as opposed to the much more established linear
stochastic approaches. For details on these nonlinear
approaches and their applications, the reader is referred to,
for example, Kavvas (2003) for nonlinear stochastic
methods, Govindaraju (2000) for artificial neural networks,
Young and Beven (1994) for data-based mechanistic

@ Springer



1028

Stoch Environ Res Risk Assess (2009) 23:1027-1036

models, and Sivakumar (2000) for deterministic chaos
theory.

Among the nonlinear approaches, deterministic chaos
theory, with its philosophy that complex and random-
looking behaviors could also be the result of even simple
nonlinear deterministic dynamics with sensitive depen-
dence on initial conditions (Lorenz 1963), seems to be ‘the
simplest’ yet also remains ‘the most controversial’ [see
Schertzer et al. (2002) and Sivakumar et al. (2002a) for a
discussion]. Amid this controversy, however, the theory
has also been finding increasing applications in hydrology
in recent times. Very early studies on chaos theory appli-
cations in hydrology essentially focused on the
investigation and prediction of chaos in rainfall, river flow,
temperature and lake volume data in a purely single-vari-
able data reconstruction sense (e.g., Rodriguez-Iturbe et al.
1989; Wilcox et al. 1991; Berndtsson et al. 1994; Jaya-
wardena and Lai 1994; Abarbanel and Lall 1996;
Koutsoyiannis and Pachakis 1996; Sangoyomi et al. 1996;
Puente and Obregon 1996; Porporato and Ridolfi 1997).
Subsequent studies attempted chaos theory applications on
other hydrologic problems, including scaling and data
disaggregation, missing data estimation, and reconstruction
of system equations (e.g., Sivakumar 2001a, b; Sivakumar
et al. 2001b; Elshorbagy et al. 2002a; Zhou et al. 2002),
and other processes, such as rainfall-runoff and sediment
transport (e.g., Sivakumar et al. 2001a; Sivakumar 2002;
Sivakumar and Jayawardena 2002). They also addressed
some of the important issues that had been, and continue to
be, perceived to significantly influence the outcomes of
chaos methods when applied to real hydrologic data,
including minimum data size, data noise, presence of zeros,
selection of optimal parameters, and multi-variable data
reconstruction (e.g., Wang and Gan 1998; Sivakumar et al.
1999a, b, 2002c; Jayawardena and Gurung 2000; Porporato
and Ridolfi 2001; Sivakumar 2001b; Elshorbagy et al.
2002b; Jayawardena et al. 2002; Phoon et al. 2002). Fur-
ther, they investigated the ‘superiority’ of chaos theory, if
any, over other theories, such as stochastic methods and
artificial neural networks, for prediction purposes (e.g.,
Jayawardena and Gurung 2000; Lambrakis et al. 2000; Lisi
and Villi 2001; Sivakumar et al. 2002b, c; Laio et al. 2003).
Extensive reviews of these studies are already available in
the literature (Sivakumar 2000, 2004a) and, therefore,
details are not reported herein.

The realization and recognition, in the aftermath of the
encouraging outcomes from most of the above studies, that
chaos theory could provide a new perspective and alter-
native avenues towards understanding the workings of
hydrologic systems and processes have been important
driving forces for its ever-increasing applications, despite
the continuing skepticisms (sometimes valid nevertheless)
being thrown away from some quarters of the hydrologic
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community citing possible ‘blind’ applications of these
‘less-understood’ concepts without recognizing their
potential limitations for real hydrologic data (the result of
which could be ‘false claims’). Although this is indeed
heartening, we must also not lose sight of the fact that the
true potential of chaos theory in hydrology can only be
realized when it is attempted to solve the more challenging
problems we are faced with (e.g., hydrologic scaling and
model parameter estimation problems), rather than simply
chaos detection and prediction (for historical data, to be
more precise). Identification of these challenging problems
and evaluation of how chaos theory (either independently
or in combination with others in an integrated manner) can
be helpful towards solving them are crucial for true pro-
gress in hydrology. These issues are the motivation for the
present study.

To address these issues in an effective manner, it is
important foremost to be well aware of the latest devel-
opments in chaos theory applications in hydrology and the
significant inroads we have been able to make thus far. To
this end, a review of studies carried out in this area during
the last few years [especially since the reviews by
Sivakumar (2000, 2004a)] is first presented. With this
status quo, which already identifies some of the challenging
problems in hydrology and also hints at the utility and
appropriateness of chaos theory (e.g., Sivakumar 2004b),
potential scope and directions for further applications are
then highlighted. A strong case is finally made, from both
philosophical and scientific perspectives, for the urgent
need to formulate a ‘middle-ground approach’ towards a
more balanced and realistic representation of all the rele-
vant properties of hydrologic systems and processes (linear
or nonlinear, stochastic or deterministic), rather than
sticking to the ‘extreme views’ that unfortunately prevail in
our current research practice.

2 Latest developments on chaos in hydrologic systems

Since the reviews by Sivakumar (2000, 2004a), nonlinear
dynamic and chaos concepts have found their applications
not only continued along the directions of earlier studies
but also started in other areas of hydrology as well,
including scaling, groundwater contamination, parameter
optimization, and catchment classification. A brief review
of these studies is presented next.

2.1 Scale and scale-invariance

Hydrologic processes arise as a result of interactions
between climatic inputs and landscape characteristics that
occur over a wide range of space and time scales. Due to
the tremendous variabilities in climatic inputs (e.g. rainfall,
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temperature, wind velocity) and heterogeneities in land-
scape properties (e.g. basin area, soil type, land use, slope),
hydrologic processes may have high variability at all scales
and across scales. However, hydrologic systems and pro-
cesses have also been shown (e.g., Gupta and Waymire
1990; Bloschl and Sivapalan 1995; Rodriguez-Iturbe and
Rinaldo 1997; Gupta 2004) to exhibit scaling or scale-
invariance (i.e. properties of the system/process at different
scales are independent of the scale of observation), which
serves as an important basis for transformation of data from
one scale to another, among others. In this context,
Regonda et al. (2004) investigated the type of scaling
behavior (stochastic or chaotic) in the temporal dynamics
of river flow, employing the correlation dimension method
(Grassberger and Procaccia 1983). Analyzing daily, 5-day,
and 7-day flow data from each of three rivers in the United
States, they reported the presence of chaotic scaling
behavior in the flow dynamics of the Kentucky River
(Kentucky) and the Merced River (California), and sto-
chastic scaling behavior in the flow dynamics of the
Stillaguamish River (Washington state). They also
observed an increase in the dimensionality (or complexity)
of the flow dynamics with the scale of aggregation; in other
words, dynamics changing from a less complex (more
deterministic) behavior to a more complex (more stochas-
tic) behavior with aggregation in time. Similar results on
the effects of scale on hydrologic process complexity (i.e.
increase in complexity or change from determinism to
stochasticity with increasing time scale) were also
observed by a few other studies as well (e.g., Sivakumar
et al. 2004, 2006, 2007; Salas et al. 2005; Sivakumar and
Chen 2007), albeit in different contexts and employing
different methodologies to different systems and processes
(including rainfall, river flow and sediment load). There
may indeed be exceptions to this situation with no trend
possibly observed in the ‘scale versus complexity’ rela-
tionship [see Sivakumar et al. (2001b) for details], since
this relationship essentially depends on, for example,
rainfall characteristics (e.g. intensity, duration) and catch-
ment properties (e.g. size of basin, land use). While further
investigation is obviously needed for a more reliable
interpretation and conclusion on this relationship one way
or another, the presence of chaotic dynamics in flow and
rainfall scaling has important implications in hydrology,
since it has been a common practice to employ stochastic
(random) cascade approaches for scaling investigations and
for data transformation (e.g. disaggregation).

2.2 Groundwater contamination
As noted by Sivakumar (2004a), the field of subsurface

hydrology had largely eluded the attention of earlier chaos
studies [with the exception of the study by Faybishenko

(2002)]. To this end, especially with the experience gained
with the surface hydrologic problems and the encouraging
outcomes, Sivakumar et al. (2005) investigated the poten-
tial use of chaos theory to understand the dynamic nature of
solute transport process in subsurface formations. They
analyzed, using the correlation dimension method, time
series of solute particle transport in a heterogeneous aquifer
medium (which was simulated using an integrated transi-
tion probability/Markov chain model, groundwater flow
model, and particle transport model, for varying hydro-
stratigraphic conditions), with the western San Joaquin
Valley aquifer system in California as a reference system.
The results generally indicated the nonlinear deterministic
nature of solute transport dynamics (dominantly governed
by only a very few variables, on the order of three), even
though more complex behavior was found to be possible
under certain extreme hydrostratigraphic conditions. Later,
Hossain and Sivakumar (2006) studied the spatial patterns
of arsenic contamination in the shallow wells (<150 m) of
Bangladesh, employing the correlation dimension method.
Particular emphasis was given to the role of regional
geology (Pleistocene vs. Holocene) on the spatial dynamics
of arsenic contamination. The results, with correlation
dimensions ranging between 8 and 11 depending on the
region, suggested that the arsenic contamination dynamics
in space is a medium- to high-dimensional problem. These
results were further verified using logistic regression, with
an attempt to explore possible (physical) connections
between the correlation dimension values and the mathe-
matical modeling of risk of arsenic contamination (Hill
et al. 2008). Eleven variables were considered as indicators
of the aquifer’s geochemical regime with potential influ-
ence on arsenic contamination, and a total of 2,048 possible
combinations of these variables was included as candidate
logistic regression models to delineate the impact of the
number of variables on the prediction accuracy of the
model.

2.3 Parameter estimation and optimization

With the ever-increasing complexities of hydrologic mod-
els, which require more details about processes and more
parameters to be calibrated, parameter estimation and
optimization has become an extremely challenging problem
[see, for example, Beven (2002) for details]. Constructive
discussions and debates on this issue, especially on the
identification of the best optimization technique and on the
estimation of uncertainty in hydrologic models, are starting
to come to the fore (e.g., Beven and Young 2003; Gupta
et al. 2003; Beven 2006; Sivakumar 2008b). While these
are certainly positive signs to the long-term health of
hydrologic sciences, the basic problem lies essentially
with our tendency (and often driven by our technological
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and methodological advances) to develop more complex
models than that may actually be needed (Sivakumar
2008a). In an attempt towards simplification in our model-
ing practice, Sivakumar (2004b) proposed an approach that
incorporates and integrates the chaos concept with expert
advice and parameter optimization techniques. The sim-
plification was brought out essentially through the
determination (using the correlation dimension method) of
the ‘number’ of dominant variables governing the system
under study, with the use of only a limited amount of data
(often data corresponding to a single variable) representing
the system. Hossain et al. (2004), in their study of Bayesian
estimation of uncertainty in soil moisture simulation by a
land surface model (LSM), presented a simple and
improved sampling scheme (within a Monte Carlo simula-
tion framework) to the generalized likelihood uncertainty
estimation (GLUE) by explicitly recognizing the nonlinear
deterministic behavior between soil moisture and land sur-
face parameters in the stochastic modeling of the
parameters’ response surface. They approximated the
uncertainty in soil moisture simulation (i.e. model output)
through a Hermite polynomial chaos expansion of normal
random variables that represent the model’s parameter
(model input) uncertainty. The new scheme was able to
reduce the computational burden of random Monte Carlo
sampling for GLUE in the range of 10-70%, and it was also
found to be about 10% more efficient than the nearest-
neighborhood sampling method in predicting a sampled
parameter set’s degree of representativeness.

2.4 Catchment classification

The realization that hydrologic models are often developed
for specific situations and thus that their extensions and
generalizations to other situations are difficult has recently
motivated some researchers to call for a catchment clas-
sification framework (Woods 2002; Sivapalan et al. 2003;
McDonnell and Woods 2004). These researchers also
suggest, largely motivated by the proposal of the dominant
processes concept (Grayson and Bldschl 2000), that iden-
tification of dominant processes may help in the formation
of such a classification framework. With this idea,
Sivakumar (2004b) introduced a classification framework,
in which the extent of complexity or dimensionality
(determined using nonlinear tools, such as the correlation
dimension method) of a hydrologic ‘system’ was treated as
a representation of the (number of) dominant processes.
Following up on this, Sivakumar et al. (2007) explored the
utility of the phase space reconstruction concept (e.g.
Packard et al. 1980; Takens 1981), in which the ‘region of
attraction of trajectories’ in the phase space was used to
identify the data as exhibiting ‘simple’ or ‘intermediate’ or
‘complex’ behavior and, correspondingly, classify the
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system as potentially low-, medium- or high-dimensional.
The utility of this reconstruction concept was first dem-
onstrated on two artificial time series possessing
significantly different characteristics and levels of com-
plexity [a purely random series with independent and
identically distributed numbers and a deterministic chaotic
series generated using the two-dimensional Henon map
(Henon 1976)], and then tested on a host of river-related
data (flow, suspended sediment concentration and sus-
pended sediment load) representing different geographic
regions, climatic conditions, basin sizes, processes and
scales. The ability of the phase space to reflect the river
basin characteristics and the associated mechanisms, such
as basin size, smoothing, and scaling, was also observed.

2.5 Others

There have also been several other studies that have, in one
way or another, looked into the applications of nonlinear
dynamic and chaos theories in hydrology. These include:
applications to yet other hydrologic processes, proposals of
new ways for hydrologic data analysis, and investigations
on the reliability of chaos methods to hydrologic data. A
very brief account of such studies is presented next, not
necessarily in any specific order.

Manzoni et al. (2004) studied the soil carbon and
nitrogen cycles from a dynamic system perspective,
wherein the system nonlinearities and feedbacks were
analyzed by considering the steady-state solution under
deterministic hydro-climatic conditions. Laio et al. (2004)
employed the deterministic versus stochastic (DVS)
method (e.g. Casdagli 1992) to daily river discharge from
three Italian rivers in their investigation of nonlinearity
in rainfall-runoff transformation. Dodov and Foufoula-
Georgiou (2005) studied the nonlinear dependencies of
rainfall and runoff and the effects of spatio-temporal dis-
tribution of rainfall on the dynamics of streamflow at flood
time scales. They proposed a framework based on
‘hydrologically-relevant’ rainfall-runoff phase space
reconstruction, but with specific acknowledgment that
rainfall-runoff is a stochastic spatially extended system
rather than a deterministic multivariate one. Khan et al.
(2005), Sivakumar (2005b), and Koutsoyiannis (2006)
investigated the reliability of the correlation dimension
method in the detection of chaos in hydrologic time series.
They addressed, among others, the effects of data size,
random and seasonal components, zeros, intermittency, and
high autocorrelations. Jin et al. (2005) studied the nonlinear
relationships between southern oscillation index (SOI) and
local precipitation and temperature (in Fukuoka, Japan), by
representing this joint hydro-climatic system using a non-
linear multivariate phase space reconstruction technique.
Regonda et al. (2005) presented a nonparametric approach
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based on local polynomial regression for ensemble forecast
of time series, and demonstrated its effectiveness on the
biweekly series of the Great Salt Lake volume, among
others. Nordstrom et al. (2005) proposed the construction
of a dynamic area fraction model (DAFM) that contains
coupled parameterizations for all the major components of
the hydrologic cycle involving liquid, solid and vapor
phases. Using this model, which shares some of the char-
acteristics of an Earth system model of intermediate
complexity, they investigated the nature of feedback pro-
cesses in regulating Earth’s climate as a highly nonlinear
coupled system. Still other studies of interest are those by
Phillips and Walls (2004), Tsonis and Georgakakos (2005),
She and Basketfield (2005), Gaume et al. (2006), Phillips
(2006), and Sivakumar (2007), among others.

3 Challenges ahead

It must be clear by now that we have made some sincere
efforts to explore the potential of nonlinear dynamic and
chaos concepts for modeling and prediction of hydrologic
systems and processes. The outcomes of these efforts are
certainly encouraging, considering that we are still in the
state of infancy in regards to these concepts when com-
pared to the much more mature and prevalent linear
stochastic concepts [this is not to say that we have achieved
the ‘full-fledged’ status with the stochastic concepts]. The
additional inroads we have made in recent years in the
areas of scaling, groundwater contamination, parameter
estimation and optimization, and catchment classification,
among others, are significant, albeit their preliminary nat-
ure, since these are arguably some of the most important
topics in hydrology at the current time.

With these positives, however, we must not forget the
challenges that lie ahead on our way to further progress.
Among these challenges, two are noteworthy: (1) improving
our understanding of these largely less-understood chaos
concepts for hydrologic applications; and (2) finding ways
to integrate these concepts with the others, either already
in existence or emerging in the future. The former is
important for avoiding ‘blind’ applications of the related
methods (simply because the methods exist and are there
to apply!) and ‘false’ claims (either in support of or
against their utility); and the latter is important for taking
advantage of the merits of the different approaches for
their ‘collective utility’ to solve hydrologic problems
rather than for their ‘individual brilliance’ as perceived.
The rest of this section presents some examples to the
potential limitations of the above studies and to the
challenges ahead.

The studies by, for example, Regonda et al. (2004) and
Salas et al. (2005) provide interesting insights into the

problem of scaling and effects of data aggregation. Their
message, in essence, is that complexity of the system
dynamics increases (often from a more deterministic nature
to a more stochastic nature) with aggregation in time scale.
Although this may indeed be the case in certain situations,
its generalization is often difficult to make, since the sys-
tem’s dynamic complexity depends on the climatic inputs
and the catchment characteristics. For example, the
catchment area (and, hence, the time of concentration, not
to mention the rainfall characteristics) plays a vital role in
defining the relationship between scale and dynamic
complexity. In fact, depending upon the catchment, the
dynamic complexity may increase with aggregation in time
up to a certain point (probably, somewhere close to the
concentration time) and then decrease with further aggre-
gation [see Sivakumar et al. (2001b) for some details, in a
rainfall disaggregation context].

The attempts by Sivakumar et al. (2005) and Hossain and
Sivakumar (2006) to search for possible nonlinear deter-
ministic dynamics in solute transport in a heterogeneous
aquifer and arsenic contamination in shallow wells are cer-
tainly interesting. However, these studies are, at best, crude
one-dimensional approximations to the complex three-
dimensional groundwater flow and transport phenomena.
They only consider the time or space (as the case may be),
but what is actually needed is a spatio-temporal perspective.
Moreover, although there is no ‘mathematical’ constraint,
the ‘philosophical’ merit behind the use of phase space
reconstruction concept in a spatial context (with its delay
parameter defined in space), as is done in Hossain and
Sivakumar (2006), remains an issue to ponder.

The proposal by Sivakumar (2004b) on the integration
of different concepts (and methods) to deal with the
workings of hydrologic systems, and more specifically to
simplify our modeling and parameter estimation practices,
is a notable move forward, since different concepts possess
different advantages and limitations. However, the utility
and effectiveness of this proposal are yet to be seen through
implementation. Further, speaking in a more general sense,
recognition of the advantages and limitations of each of the
concepts in itself is a challenging task, as such requires
adequate knowledge of all of the concepts in the first place.
This probably makes the idea of integration of different
concepts less appealing, certainly in the context of our
increasing emphasis on individual concepts in our research
[see Sivakumar (2005a) for details].

The proposal on the use of the phase space reconstruc-
tion approach for ‘system classification’” and also its
effective demonstration and testing on synthetic and river-
related data, as presented by Sivakumar et al. (2007), seem
to provide strong clues to the potential of such an approach
for formulation of a catchment classification framework.
What remains to be studied, however, is how to incorporate
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the catchment characteristics into this classification
framework and how to establish connections between data
(usually at the catchment scale) and the actual catchment
physical mechanisms (at all scales) for this classification
framework to be successful [see Wagener et al. (2007) for
further discussion on catchment classification framework,
especially in the context of hydrologic similarity]. More-
over, nonlinearity and chaos is not just about small changes
leading to large effects and complex-looking outputs
coming out of simple systems, but it is also about large
changes leading to small effects and simple-looking
outputs coming out of complex systems. Whether or not the
phase space reconstruction approach can also perform
equally well for this latter situation remains to be seen.

As Koutsoyiannis (2006) pointed out [see also Tsonis
et al. (1994) and Sivakumar (2001b)], the presence of
periods of zeros in a time series could result in an under-
estimation of the correlation dimension and (in the absence
of any other analysis) could potentially lead to the con-
clusion that chaos exists, when actually it does not. This
can indeed turn out to be a serious issue in chaos studies in
hydrology, since zero values are a common occurrence in
hydrologic time series (especially high-resolution rainfall).
The fact that zero values are intrinsic to the system
dynamics and thus must not be removed in any hydrologic
analysis [possible exception being disaggregation analysis
(Sivakumar et al. 2001b)] makes the problem only more
complicated. This does not, in any way, mean that the
correlation dimension method must not be employed to
hydrologic series, because dimension is simply a repre-
sentation of the variability of the time series values (zeros
included). What is required to realistically deal with this
problem, however, is an adequate definition of what con-
stitutes ‘periods’ (or a large number) of zeros; in other
words, what is the ‘threshold’ for the number (or percent-
age) of zeros in a time series to obtain a reliable estimation
of correlation dimension? This question is hard to answer,
because determination of the ‘sensitivity’ of correlation
dimension to the number of zeros is not straightforward,
even for artificially generated time series (let alone real
series). It is also important to recognize that this question is
not just limited to zeros but goes well beyond that, since it
is simply a problem caused by the ‘repetition’ of one or
more values and that such repetitions may occur in many
different ways depending upon the system (e.g. minimum
streamflow, average temperature, maximum/minimum
water level in a reservoir, water release from a reservoir,
daily suspended sediment load).

Global climate change, it is believed, will have threat-
ening consequences for our water resources during this
century, and there are already noticeable indications, with
an increase in abnormal events (e.g. floods and droughts)
around the world. Since global climate models (GCMs)
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provide climate data only at much coarser spatial and
temporal scales than that are required for hydrologic pre-
dictions at regional and local levels, ‘downscaling’ of
GCM outputs is essential. The existing statistical and
dynamic downscaling techniques can indeed provide some
success [see, for example, Fowler et al. (2007) for an
extensive review of downscaling techniques], but the
assumption of linearity inherent in almost all of these
techniques is too simplistic and thus may greatly constrain
their effectiveness, since the climate systems and the
associated processes are essentially nonlinear, and possibly
chaotic (e.g., Lorenz 1963). In view of this, there is
increasing realization on the urgent need for formulation of
nonlinear downscaling approaches (with explicit consid-
eration given to the system’s chaotic properties), but
unfortunately nothing seems to have been done yet. This
downscaling problem is also a complex spatio-temporal
problem [and probably much more complex than ground-
water flow and contamination (and also the rainfall-runoff
problem), discussed above], and thus may necessitate sig-
nificant modifications to the single-variable, and even
multi-variable, phase space reconstruction approach that
has been employed in hydrologic and climatic studies thus
far. The study by Sivakumar et al. (2001b), proposing a
nonlinear dynamic disaggregation approach for rainfall,
may provide some useful clues to deal with this problem,
but that too will only be of limited use and in a purely
temporal sense. Although some efforts to pursue research
in this direction are currently underway (e.g., Sivakumar
2008c), there is certainly a long way to go.

Finally, the methods that have been employed by studies
thus far on chaos in hydrologic systems are essentially data
based, and thus their relevance to the actual physical
mechanisms and system dynamics may be questioned. For
example, an essential first step in any chaos method is the
reconstruction of the phase space, wherein the idea is that a
(nonlinear hydrologic) system is characterized by self-
interaction and that a time series of a single variable can
carry the information about the dynamics of the entire
multi-variable system. Although it is possible to provide
convincing explanation of the relevance of this idea to
some overall scenarios (e.g. input-output, rainfall-runoff),
explanation as to the relevance of the parameters to specific
system components is very difficult. This may be eluci-
dated through an example, as follows. There is sufficient
information in the history of runoff data about the rainfall
properties and the catchment characteristics over a period
of time, and thus a single-variable phase space recon-
struction (with runoff) should be able, at least theoretically,
to reflect the system’s dynamic changes. At the same time,
however, how the delay time in the embedding procedure
(e.g., Takens 1981) is related to any of the system com-
ponents and/or dynamics is hard to explain. The absence of
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consensus on the appropriate method for the selection of
optimum delay time (e.g., Holzfuss and Mayer-Kress 1986;
Frazer and Swinney 1986; Leibert and Schuster 1989; Kim
et al. 1999) makes this issue only more difficult to deal
with. This issue, and similar ones, must be resolved for any
hope towards establishing links between data and physics
and thus to truly reflect the advances that can be made with
nonlinear dynamic and chaos concepts. This situation,
however, is not just specific to chaos methods; it is much
more widespread, and is applicable to literally all time
series methods [see, for example, Kirchner (2006) for some
relevant details on models vs. measurements]; but that must
not be a solace in any case [see Sivakumar (2008a) for
some details].

4 Conclusion—striving for a middle ground

Every human being has his/her own perceptions about the
workings of Nature, which, to a great extent, are influenced
by his/her societal, cultural, economic and environmental
backgrounds, among others. These perceptions, I believe,
are generally the driving force for choosing his/her field of
study and research and also for identifying the methods for
applications. Continuation of this (trend), however, is
becoming increasingly difficult these days with our soci-
ety’s lifestyles and pressures, largely driven by the
economy. One thing seems to be emerging though: people
are becoming ‘specialized’ and ‘specialists.’

We, researchers in hydrology, are also starting to put
more emphasis on applications of specific concepts and
methods [including this article, I might add!] rather than on
addressing the most challenging hydrologic problems
affecting us all, if literature is any indication [see, for
example, Sivakumar (2005a) for details]. We are also
increasingly realizing that none of the currently available
tools (linear or nonlinear, stochastic or deterministic) by
itself is adequate for solving our hydrologic problems to
our satisfaction; for example, no model (how sophisticated
it may be) has been shown to reliably capture the extreme
hydrologic events at a given location, and extensions and
generalizations of a model (developed for some situations)
to other situations are often difficult. The following is only
a small sample of the numerous questions that need to be
asked about our existing research approaches and methods
to tackle the challenges in hydrology: (1) How are we
going to incorporate the nonlinear deterministic compo-
nents that are inherent in hydrologic systems and processes
into our linear (and nonlinear) stochastic approaches? (2)
How are we going to address the property of sensitive
dependence of hydrologic system dynamics on the initial
conditions, when the initial conditions themselves cannot
be known? (3) How are we going to explain the ‘random’

and unpredictable system behavior using our (nonlinear)
deterministic approaches? (4) How are we going to esti-
mate the uncertainty in the parameters that serve as
important inputs to our complex models and, even worse,
how are we going to define ‘uncertainty’ in the first place
[see also Sivakumar (2008b) for some details]? (5) How
are we going to establish the ‘connections’ between our
‘data-based’ approaches and the ‘process-based’ approa-
ches, especially when there are ‘disconnections’ (either
intentional or unintentional) in our research approaches?

These are difficult questions to answer, and the only
way, in my opinion, to do that is to find some ‘common
grounds’ in our approaches to research. This does not mean
that one approach has to ‘give up’ to make way for another,
but this certainly requires some kind of ‘compromise’ and
‘sacrifice’ for the betterment of hydrologic research. To
this end, bringing together the different approaches and
concepts could be a good starting point, as they could
supplement and complement one another (and also could
be used in an integrated manner), for reliably representing
all the relevant properties of hydrologic systems and pro-
cesses (order or disorder, linear or nonlinear, stochastic or
deterministic). This, however, is an extremely challenging
task, especially with our unyielding fascination for specific
concepts and methods for their ‘individual brilliance’ that
reflects, more often than not, only our one-sided ‘extreme’
views. What is urgently needed, therefore, are sincere
efforts to explore the ‘collective utility’ of different con-
cepts for studying hydrologic systems. This warrants, as
experience suggests, a change in our research paradigm and
attitude [see, for example, Gupta et al. (2000) for some
details]; that is, willingness to recognize the potential of
different concepts and openness to accept the outcomes.
Discussions and debates are obviously essential to this
change, and constructive criticisms and useful inputs, from
all sides, would certainly help towards defining and
demarcating the travel path for this.

A general statement on the need for a ‘middle-ground’
approach is an easy thing to make, but the real challenge
lies in identifying specific hydrologic problems and
appropriate concepts/methods that could, in combination,
yield the desired effectiveness and efficiency. It is pre-
mature, at this stage, to pinpoint these areas, mainly
because of our inadequate knowledge of all the concepts
[see Sivakumar (2005a) for some details] and, to some
extent, of the hydrologic problems themselves [Vijay
Gupta, personal communication]. However, the situation is
not that bleak, and there are already some encouraging
signs to these areas. For example, the study by Sivakumar
et al. (2004) suggests that nonlinear deterministic approa-
ches generally provide better results for streamflow
disaggregation over finer resolutions than over coarser
ones, while parametric and nonparametric stochastic
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approaches have been reported to provide very good results
over coarser resolutions (e.g. Lin 1990; Tarboton et al.
1998). With these observations, it might be worthwhile to
couple, for example, the nonlinear deterministic approach
and the linear stochastic approach for streamflow disag-
gregation over a much wider range of scales (e.g. between
daily and annual) than the range of scales studied thus far
with these approaches independently [see Sivakumar et al.
(2004) for some details on the similarities and differences
between these approaches]. Such an approach could help
towards a better view of the streamflow disaggregation
problem, and also provide new avenues to the study of
scale problems in hydrology at large. At the end, a ‘middle-
ground’ approach that can yet capture the ‘extremes’ would
certainly be a new chapter in hydrology!

References

Abarbanel HDI, Lall U (1996) Nonlinear dynamics of the Great Salt
Lake: system identification and prediction. Clim Dyn 12:287-
297

Amorocho J (1967) The nonlinear prediction problems in the study of
the runoff cycle. Water Resour Res 3(3):861-880

Amorocho J, Brandstetter A (1971) Determination of nonlinear
functional response functions in rainfall-runoff processes. Water
Resour Res 7(5):1087-1101

Berndtsson R, Jinno K, Kawamura A, Olsson J, Xu S (1994)
Dynamical systems theory applied to long-term temperature and
precipitation time series. Trends Hydrol 1:291-297

Beven KJ (2002) Uncertainty and the detection of structural change in
models of environmental systems. In: Beck MB (ed) Environ-
mental foresight and models: a manifesto. Elsevier, The
Netherland, pp 227-250

Beven KJ (2006) On undermining the science? Hydrol Processes
20:3141-3146

Beven KJ, Young P (2003) Comment on ‘Bayesian recursive
parameter estimation for hydrologic models’ by M. Thiemann,
M. Trosset, H. Gupta, and S. Sorooshian. Water Resour Res
39(5). doi:10.1029/2001WR001183

Bloschl G, Sivapalan M (1995) Scale issues in hydrological
modeling—a review. Hydrol Processes 9:251-290

Casdagli M (1992) Chaos and deterministic versus stochastic
nonlinear modeling. J Royal Stat Soc B 54(2):303-328

Dodov B, Foufoula-Georgiou E (2005) Incorporating the spatio-
temporal distribution of rainfall and basin geomorphology into
nonlinear analysis of streamflow dynamics. Adv Water Resour
28(7):711-728

Elshorbagy A, Simonovic SP, Panu US (2002a) Estimation of missing
streamflow data using principles of chaos theory. J Hydrol
255:123-133

Elshorbagy A, Simonovic SP, Panu US (2002b) Noise reduction in
chaotic hydrologic time series: facts and doubts. J Hydrol
256:147-165

Faybishenko B (2002) Chaotic dynamics in flow through unsaturated
fractured media. Adv Water Resour 25(7):793-816

Fowler HJ, Blenkinsop S, Tebaldi C (2007) Linking climate change
modeling to impacts studies: recent advances in downscaling
techniques for hydrological modeling. Int J Climatol
27(12):1547-1578

@ Springer

Frazer AM, Swinney HL (1986) Independent coordinates for strange
attractors from mutual information. Phys Rev A 33(2):1134—
1140

Gaume E, Sivakumar B, Kolasinski M, Hazoumé L (2006) Identi-
fication of chaos in rainfall disaggregation: application to a 5-
minute point series. J Hydrol 328(1-2):56-64

Govindaraju RS (2000) Artificial neural networks in hydrology. II:
Hydrological applications. ASCE J Hydrol Eng 5:124-137

Grassberger P, Procaccia 1 (1983) Measuring the strangeness of
strange attractors. Physica D 9:189-208

Grayson RB, Bloschl G (2000) Spatial patterns in catchment
hydrology: observations and modelling. Cambridge University
Press, Cambridge

Gupta VK (2004) Emergence of statistical scaling in floods on
channel networks from complex runoff dynamics. Chaos,
Solitons Fractals 19:357-365

Gupta VK, Waymire E (1990) Multiscaling properties of spatial
rainfall and river flow distributions. J Geophys Res
95(D3):1999-2009

Gupta VK, Duffy C, Grossman R, Krajewski W, Lall U, McCaffrey
M, Milne B, Pielke R Sr, Reckow K, Swanson R (2000) A
Framework for reassessment of basic research and educational
priorities in hydrologic sciences. A Report to the US National
Science Foundation, pp 1-40

Gupta H, Thiemann M, Trosset M, Sorooshian S (2003) Reply to
comment by K. Beven and P. Young on ‘Bayesian recursive
parameter estimation for hydrologic models.” Water Resour Res
39(5). doi:10.1029/2002WR001405

Harms AA, Campbell TH (1967) An extension to the Thomas-Fiering
model for the sequential generation of streamflow. Water Resour
Res 3(3):653-661

Henon M (1976) A two-dimensional mapping with a strange attractor.
Commun Math Phys 50:69-77

Hill J, Hossain F, Sivakumar B (2008) Is correlation dimension a
reliable proxy for the number of dominant influencing variables
for modeling risk of arsenic contamination in groundwater?
Stoch Environ Res Risk Assess 22(1):47-55

Holzfuss J, Mayer-Kress G (1986) An approach to error-estimation in
the application of dimension algorithms. In: Mayer-Kress G (ed)
Dimensions and entropies in chaotic systems. Springer, New
York, pp 114-122

Hossain F, Sivakumar B (2006) Spatial pattern of arsenic contam-
ination in shallow wells of Bangladesh: regional geology and
nonlinear dynamics. Stoch Environ Res Risk Assess 20(1-2):66—
76

Hossain F, Anagnostou EN, Lee KH (2004) A non-linear and
stochastic response surface method for Bayesian estimation of
uncertainty in soil moisture simulation from a land surface
model. Nonlinear Processes Geophys 11:427-440

Izzard CF (1966) A mathematical model for nonlinear hydrologic
systems. J Geophys Res 71(20):4811-4824

Jayawardena AW, Gurung AB (2000) Noise reduction and prediction
of hydrometeorological time series: dynamical systems approach
vs. stochastic approach. J Hydrol 228:242-264

Jayawardena AW, Lai F (1994) Analysis and prediction of chaos in
rainfall and stream flow time series. J Hydrol 153:23-52

Jayawardena AW, Li WK, Xu P (2002) Neighborhood selection for
local modeling and prediction of hydrological time series.
J Hydrol 258:40-57

Jin YH, Kawamura A, Jinno K, Berndtsson R (2005) Nonlinear
multivariate analysis of SOI and local precipitation and temper-
ature. Nonlinear Processes Geophys 12:67-74

Kavvas ML (2003) Nonlinear hydrologic processes: conservation
equations for determining their means and probability distribu-
tions. ASCE J Hydrol Eng 8(2):44-53


http://dx.doi.org/10.1029/2001WR001183
http://dx.doi.org/10.1029/2002WR001405

Stoch Environ Res Risk Assess (2009) 23:1027-1036

1035

Khan S, Ganguly AR, Saigal S (2005) Detection and predictive
modeling of chaos in finite hydrological time series. Nonlinear
Processes Geophys 12:41-53

Kim HS, Eykholt R, Salas JD (1999) Nonlinear dynamics, delay
times, and embedding windows. Physica D 127(1-2):48-60

Kirchner JW (2006) Getting the right answers for the right reasons:
Linking measurements, analyses, and models to advance the
science of hydrology. Water Resour Res 42:W03S04. doi:
10.1029/2005WR004362

Klemes V (1978) Physically based stochastic hydrologic analysis.
Adv Hydrosci 11:285-352

Koutsoyiannis D (2006) On the quest for chaotic attractors in
hydrological processes. Hydrol Sci J 51(6):1065-1091

Koutsoyiannis D, Pachakis D (1996) Deterministic chaos versus
stochasticity in analysis and modeling of point rainfall series.
J Geophys Res 101(D21):26441-26451

Laio F, Porporato A, Revelli R, Ridolfi L (2003) A comparison of
nonlinear flood forecasting methods. Water Resour Res 39(5):
10.1029/2002WR001551

Laio F, Porporato A, Ridolfi L, Tamea S (2004) Detecting nonlin-
earity in time series driven by non-Gaussian noise: the case of
river flows. Nonlinear Processes Geophys 11:463-470

Lambrakis N, Andreou AS, Polydoropoulos P, Georgopoulos E,
Bountis T (2000) Nonlinear analysis and forecasting of a
brackish karstic spring. Water Resour Res 36(4):875-884

Leibert W, Schuster HG (1989) Proper choice of the time delay for
the analysis of chaotic time series. Phys Lett 141:386-390

Lin GF (1990) Parameter estimation for seasonal to subseasonal
disaggregation. J Hydrol 120:65-77

Lisi F, Villi V (2001) Chaotic forecasting of discharge time series: a
case study. J Am Water Resour Assoc 37(2):271-279

Lorenz EN (1963) Deterministic nonperiodic flow. J Atmos Sci
20:130-141

Manzoni S, Porporato A, D’Odorico P, Laio F, Rodriguez-Iturbe I
(2004) Soil nutrient cycles as a nonlinear dynamical system.
Nonlinear Processes Geophys 11:589-598

McDonnell JJ, Woods RA (2004) On the need for catchment
classification. J Hydrol 299:2-3

Nordstrom KM, Gupta VK, Chase TN (2005) Role of the hydrolog-
ical cycle in regulating the planetary climate system of a simple
nonlinear dynamical model. Nonlinear Processes Geophys
12:741-753

Packard NH, Crutchfield JP, Farmer JD, Shaw RS (1980) Geometry
from a time series. Phys Rev Lett 45(9):712-716

Phillips JD (2006) Deterministic chaos and historical geomorphology:
a review and look forward. Geomorphology 76:109-121

Phillips JD, Walls MD (2004) Flow partitioning and unstable
divergence in fluviokarst evolution in central Kentucky. Non-
linear Processes Geophys 11:371-381

Phoon KK, Islam MN, Liaw CY, Liong SY (2002) A practical inverse
approach for forecasting of nonlinear time series analysis. ASCE
J Hydrol Eng 7(2):116-128

Porporato A, Ridolfi R (1997) Nonlinear analysis of river flow time
sequences. Water Resour Res 33(6):1353-1367

Porporato A, Ridolfi R (2001) Multivariate nonlinear prediction of
river flows. J Hydrol 248(1-4):109-122

Puente CE, Obregon N (1996) A deterministic geometric represen-
tation of temporal rainfall. Results for a storm in Boston. Water
Resour Res 32(9):2825-2839

Regonda S, Sivakumar B, Jain A (2004) Temporal scaling in river
flow: can it be chaotic? Hydrol Sci J 49(3):373-385

Regonda S, Rajagopalan B, Lall U, Clark M, Moon YI (2005) Local
polynomial method for ensemble forecast of time series.
Nonlinear Processes Geophys 12:397-406

Rodriguez-Iturbe I, Rinaldo A (1997) Fractal River Basins: Chance and
Self-Organization. Cambridge University Press, Cambridge, UK

Rodriguez-Iturbe I, De Power FB, Sharifi MB, Georgakakos KP
(1989) Chaos in rainfall. Water Resour Res 25(7):1667-1675

Salas JD, Smith RA (1981) Physical basis of stochastic models of
annual flows. Water Resour Res 17(2):428-430

Salas JD, Kim HS, Eykholt R, Burlando P, Green TR (2005)
Aggregation and sampling in deterministic chaos: implications
for chaos identification in hydrological processes. Nonlinear
Processes Geophys 12:557-567

Sangoyomi TB, Lall U, Abarbanel HDI (1996) Nonlinear dynamics of
the Great Salt Lake: Dimension estimation. Water Resour Res
32(1):149-159

Schertzer D, Tchiguirinskaia I, Lovejoy S, Hubert P, Bendjoudi H
(2002) Which chaos in the rainfall-runoff process? A discussion
on ‘Evidence of chaos in the rainfall-runoff process’ by
Sivakumar et al. Hydrol Sci J 47(1):139-147

She N, Basketfield D (2005) Streamflow dynamics at the Puget
Sound, Washington: application of a surrogate data method.
Nonlinear Processes Geophys 12:461-469

Sivakumar B (2000) Chaos theory in hydrology: important issues and
interpretations. J Hydrol 227(1-4):1-20

Sivakumar B (2001a) Is a chaotic multi-fractal approach for rainfall
possible? Hydrol Processes 15(6):943-955

Sivakumar B (2001b) Rainfall dynamics at different temporal scales:
A chaotic perspective. Hydrol Earth Syst Sci 5(4):645-651

Sivakumar B (2002) A phase-space reconstruction approach to
prediction of suspended sediment concentration in rivers.
J Hydrol 258:149-162

Sivakumar B (2004a) Chaos theory in geophysics: past, present and
future. Chaos, Solitons Fractals 19(2):441-462

Sivakumar B (2004b) Dominant processes concept in hydrology:
moving forward. Hydrol Processes 18(12):2349-2353

Sivakumar B (2005a) Hydrologic modeling and forecasting: role of
thresholds. Environ Model Softw 20(5):515-519

Sivakumar B (2005b) Correlation dimension estimation of hydrologic
series and data size requirement: myth and reality. Hydrol Sci
J 50(4):591-604

Sivakumar B (2007) Nonlinear determinism in river flow: prediction
as a possible indicator. Earth Surf Process Landf 32(7):969-979

Sivakumar B (2008a) Dominant processes concept, model simplifi-
cation and classification framework in catchment hydrology.
Stoch Env Res Risk Assess 22(6):737-748. doi: 10.1007/
s00477-007-0183-5

Sivakumar B (2008b) Undermining the science or undermining
Nature? Hydrol Processes 22(6):893-897

Sivakumar B (2008c) Climate and its impacts on water resources: a
case for nonlinear data downscaling approaches. Geophys Res
Abs 10, EGU2008-A-00218

Sivakumar B, Chen J (2007) Suspended sediment load transport in the
Mississippi River basin at St. Louis: temporal scaling and
nonlinear determinism. Earth Surf Process Landf 32(2):269-280

Sivakumar B, Jayawardena AW (2002) An investigation of the
presence of low-dimensional chaotic behavior in the sediment
transport phenomenon. Hydrol Sci J 47(3):405-416

Sivakumar B, Liong SY, Liaw CY, Phoon KK (1999a) Singapore
rainfall behavior: chaotic? ASCE J Hydrol Eng 4(1):38-48

Sivakumar B, Phoon KK, Liong SY, Liaw CY (1999b) A systematic
approach to noise reduction in chaotic hydrological time series.
J Hydrol 219(3/4):103-135

Sivakumar B, Berndttson R, Olsson J, Jinno K (2001a) Evidence of
chaos in the rainfall-runoff process. Hydrol Sci J 46(1):131-145

Sivakumar B, Sorooshian S, Gupta HV, Gao X (2001b) A chaotic
approach to rainfall disaggregation. Water Resour Res 37(1):61—
72

Sivakumar B, Berndtsson R, Olsson J, Jinno K (2002a) Reply to
‘which chaos in the rainfall-runoff process?’” by Schertzer et al.
Hydrol Sci J 47(1):149-158

@ Springer


http://dx.doi.org/10.1029/2005WR004362
http://dx.doi.org/10.1029/2002WR001551
http://dx.doi.org/10.1007/s00477-007-0183-5
http://dx.doi.org/10.1007/s00477-007-0183-5

1036

Stoch Environ Res Risk Assess (2009) 23:1027-1036

Sivakumar B, Jayawardena AW, Fernando TMGH (2002b) River flow
forecasting: use of phase-space reconstruction and artificial
neural networks approaches. J Hydrol 265(1-4):225-245

Sivakumar B, Persson M, Berndtsson R, Uvo CB (2002c) Is
correlation dimension a reliable indicator of low-dimensional
chaos in short hydrological time series? Water Resour Res 38(2).
doi: 10.1029/2001 WR000333

Sivakumar B, Wallender WW, Puente CE, Islam MN (2004)
Streamflow disaggregation: a nonlinear deterministic approach.
Nonlinear Processes Geophys 11:383-392

Sivakumar B, Harter T, Zhang H (2005) Solute transport in a
heterogeneous aquifer: a search for nonlinear deterministic
dynamics. Nonlinear Processes Geophys 12:211-218

Sivakumar B, Wallender WW, Horwath WR, Mitchell JP, Prentice
SE, Joyce BA (2006) Nonlinear analysis of rainfall dynamics in
California’s Sacramento Valley. Hydrol Processes 20(8):1723—
1736

Sivakumar B, Jayawardena AW, Li WK (2007) Hydrologic com-
plexity and classification: a simple data reconstruction approach.
Hydrol Processes 21(20):2713-2728

Sivapalan M, Bloschl G, Zhang L, Vertessy R (2003) Downward
approach to hydrological prediction. Hydrol Processes 17:2101—
2111

Takens F (1981) Detecting strange attractors in turbulence. In: Rand
DA, Young LS (eds) Dynamical systems and turbulence, lecture
notes in mathematics 898, Springer, Berlin, pp 366-381

@ Springer

Tarboton DG, Sharma A, Lall U (1998) Disaggregation procedures
for stochastic hydrology based on nonparametric density
estimation. Water Resour Res 34(1):107-119

Tsonis AA, Georgakakos KP (2005) Observing extreme events in
incomplete state spaces with application to rainfall estimation
from satellite images. Nonlinear Processes Geophys 12:195-200

Tsonis AA, Triantafyllou GN, Elsner JB, Holdzkom JJ II, Kirwan AD
Jr (1994) An investigation on the ability of nonlinear methods to
infer dynamics from observables. Bull Amer Meteor Soc
75:1623-1633

Wagener T, Sivapalan M, Troch PA, Woods RA (2007) Catchment
classification and hydrologic similarity. Geogr Compass
1(4):901-931. doi:10.1111/j.1749-8198.2007/00039.x

Wang Q, Gan TY (1998) Biases of correlation dimension estimates of
streamflow data in the Canadian prairies. Water Resour Res
34(9):2329-2339

Wilcox BP, Seyfried MS, Matison TM (1991) Searching for chaotic
dynamics in snowmelt runoff. Water Resour Res 27(6):1005-
1010

Woods RA (2002) Seeing catchments with new eyes. Hydrol
Processes 16:1111-1113

Young PC, Beven KJ (1994) Data-based mechanistic modeling and
rainfall-flow non-linearity. Environmetrics 5(3):335-363

Zhou Y, Ma Z, Wang L (2002) Chaotic dynamics of the flood series
in the Huaihe River Basin for the last 500 years. J Hydrol
258:100-110


http://dx.doi.org/10.1029/2001WR000333
http://dx.doi.org/10.1111/j.1749-8198.2007/00039.x

	Nonlinear dynamics and chaos in hydrologic systems: �latest developments and a look forward
	Abstract
	Introduction
	Latest developments on chaos in hydrologic systems
	Scale and scale-invariance
	Groundwater contamination
	Parameter estimation and optimization
	Catchment classification
	Others

	Challenges ahead
	Conclusion?striving for a middle ground
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org?)
  /PDFXTrapped /False

  /Description <<
    /ENU <>
    /DEU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [5952.756 8418.897]
>> setpagedevice


