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Abstract
Concentration time series are provided by simulated concentrations of a nonreactive solute transported in groundwater, integrated over the transverse direction of a two-dimensional computational domain and recorded at the
plume center of mass. The analysis of a statistical ensemble of time series reveals subtle features that are not captured by the first two moments which characterize the approximate Gaussian distribution of the two-dimensional
concentration fields. The concentration time series exhibit a complex preasymptotic behavior driven by a nonstationary trend and correlated fluctuations with time-variable amplitude. Time series with almost the same statistics
are generated by successively adding to a time-dependent trend a sum of linear regression terms, accounting for
correlations between fluctuations around the trend and their increments in time, and terms of an amplitude modulated autoregressive noise of order one with time-varying parameter. The algorithm generalizes mixing models
used in Probability Density Function approaches. The well-known Interaction by Exchange with the Mean mixing
model is a special case consisting of a linear regression with constant coefficients.
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1. Introduction
Time series are ubiquitous in all fields of hydrology. Monitoring strategies and sampling procedures in various
water management contexts, as for example in monitoring of nutrients [1] or of nitrate transport in groundwater
[2], are based on analyses of concentration time series obtained from geophysical observations. The most common examples of groundwater concentration time series are the breakthrough curves obtained from concentration
measurements at reference planes in aquifers. Also often used in subsurface hydrology literature are series indexed, instead of time, by a one-dimensional spatial variable (see e.g. [3]). Examples of such series are, among
others, measured data on porosity, permeability, hydraulic conductivity, electrical resistivity (see [4] and references therein). The complexity of the hydrological time series drew the attention of the scientific community long
time ago. The analysis of long-run hydrological and other geophysical time series [5, 6] lead to new concepts
extending the classical Gaussian models, such as Gaussian fractional noise and fractional Brownian motion [7].
During the last two decades, such mathematical objects were used in subsurface hydrology, notably to model the
complex structure of the hydraulic conductivity [3, 8, 9]. These modeling approaches are based on both measured
and synthetic time series. Synthetic time series obtained from numerical simulations can be used to investigate
the behavior of some quantities which are not accessible to direct measurements. For instance, it was shown,
by using an automatic algorithm to decompose time series into intrinsic components, that in some conditions the
transverse component of the trajectory of the classical advection-dispersion model of transport in heterogeneous
aquifers with randomly distributed hydraulic conductivity behaves as a fractional Brownian motion or even as a
multifractal [10].
Concentration time series recorded at regular time intervals at given points of the aquifer system supply observational data for monitoring and risk assessments of groundwater quality. In the context of stochastic subsurface
hydrology, the heterogeneity of the groundwater flow domain is modeled as a random environment. Consequently,
predictions on the behavior of the contaminant concentration are uncertain and have to be modeled as random functions. In discrete representations, a random function is equivalent to an ensemble of random time series recorded
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at different points in the domain. Risk assessments are based on the Probability Density Function (PDF) of the
random concentration. Concentration PDFs can be inferred, in case of moderate heterogeneity, if one assumes
a Gaussian shape of the concentration with random spatial moments estimated from the statistics of the random
hydraulic conductivity [11], or by assuming the shape of the concentration PDF itself [12]. In recent years there
were several attempts to apply the PDF approach from turbulence modeling [12, 13] to problems of stochastic
subsurface hydrology [14–17].
The PDF approach consists of solving a PDF evolution equation, which can be derived from the advectiondispersion-reaction equation verified by the random concentration [12]. Evolution equations with the same structure are obtained in the Filtered Density Function (FDF) approach where, instead of ensemble averages, spatial
filtering procedures are used to infer statistical quantities [17]. Such equations have to be parameterized by using closure hypotheses and models. While the transport of the concentration PDF in the physical space can be
modeled by known upscaling procedures, building a “mixing model” which describes the transport of the PDF
in the concentration space is still a challenging issue [17]. A possible way to search for appropriate mixing
models is to use the numerical approach based on the Fokker-Planck equation describing the evolution of a suitably weighted concentration PDF [16]. In this approach, the mixing model for nonreactive transport is given
by an ordinary stochastic differential equation describing the evolution of the concentration on trajectories of an
advection-dispersion process. In case of reactive transport with species-independent diffusion coefficients, chemical reactions are modeled by including in the stochastic differential equation drift terms given by reaction rates
[17, Eq. (5)]. In this study, we investigate the structure of an ensemble of synthetic random time series of concentration values recorded on the trajectory of the center of mass of the solute plume and we derive a stochastic
process which generates time series with almost the same statistics. This process reveals the structure and provides
the parameters of the mixing model which closes the PDF equation for the concentration at the plume center of
mass.
Time series associated to the classical model of nonreactive transport were recently constructed by integrating
over the transverse direction of a two-dimensional domain the concentration fields computed with the Global
Random Walk (GRW) algorithm [18] at successive longitudinal coordinates of the plume center of mass. An
ensemble of such time series was computed with independent realizations of the random velocity field and a PDF
approach was developed to simulate the PDF of the random concentration [16, 17]. The mechanism responsible
for the transport of the concentration PDF in concentration space is, in this case, the stochastic process which
generates the ensemble of concentration time series. A simple mixing model inferred from the ensemble of
simulated time series generates time series by summing up increments of a time-dependent trend and Gaussian
white noise terms with decaying amplitude [17]. Though this PDF approach provides results close to reference
Monte Carlo (MC) simulations at early times, its performance deteriorates at larger times. This can be attributed
to the inability of the mixing model to reduce the spreading of the realizations of the process generating the time
series around their ensemble average, necessary to produce the asymptotical narrowing of the concentration PDF
shown by MC simulations.
Keeping in mind the utility of the concentration time series in designing mixing models for PDF approaches,
we look for a stochastic model for the concentration time series that can be used to generate statistical ensembles
having similar features with the initial ensemble of time series obtained from GRW-MC simulations.
In this paper, the simple model previously used in [17] is refined and modified by considering more complex
time series increments. The correct asymptotic behavior is ensured by a linear dependence between distances
of time series realizations to their ensemble average and their increments in time. In this way, the larger the
distances from the ensemble average, the stronger the increments tend to reduce them. The residuals obtained
after removing the linear regression are correlated and, as a first approximation, we model them with an amplitude
modulated autoregressive process of order one (AR(1)) with time-varying parameter. Our modeling approach uses
methods of time series theory [19, 20], where statistical inferences are obtained from individual time series, as
well as methods of statistical physics, based on statistical ensembles [21].
The paper is organized as follows. In Section 2 the statistical ensemble obtained by GRW-MC simulations is
described. Section 3 is dedicated to the analysis and modeling of the ensemble average of the time series and of
the increments of the centered time series obtained by subtracting the ensemble average from each time series. In
Section 4 we introduce the linear regression between the centered time series and their increments and we infer
the regression coefficients. The demodulated regression residuals are further modeled as an AR(1) process with
time-varying parameter in Section 5. In the last Section we present some conclusions and discuss the implications
of the new time series model for mixing models in PDF methods. The influence of sampling time, spatial sampling
domain, and hydraulic conductivity on the structure of the time series model is analyzed in Appendix A.
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2. Statistical ensemble of concentration time series
We consider the two-dimensional problem for nonreactive transport in saturated aquifers, previously used
in numerical investigations based on GRW simulations [22–24] and PDF approaches [16, 17]. The nonreactive
transport was modeled as an advection-dispersion process with a constant isotropic local dispersion coefficient
D = 0.01 m2 /d and advection velocity fields given by realizations of a random space function. For a log-normally
distributed hydraulic conductivity field K with small variance σ2lnK = 0.1 and isotropic Gaussian correlation
with correlation length set to λ = 1 m, the velocity realizations were generated numerically as superpositions of
N p = 6400 random periodic modes with the Kraichnan routine [25] by the usual approximation for small variances
of ln K (see details in [17, Appendix A]). The mean velocity field with an amplitude U = 1 m/d was aligned with
the x-axis.
The simulations were conducted over 4000 time steps δt = 0.5 d, which correspond to 2000 days or equivalently, to 2000 advection time scales λ/U. The computational domain was a rectangle with dimensions of 750 m in
the longitudinal direction and 300 m in the transversal direction. A constant spatial step of 0.1 m was considered
in both directions, so that the GRW lattice contained 22.5 millions of nodes. The computational domain was larger
than the maximum extension of the plume and, every time when groups of particles reached the outflow boundary,
the domain was displaced in the direction of the mean flow, so that it contained the entire plume at all times.
Therefore, with this numerical setting no boundary conditions were necessary. The initial condition consisted of
an instantaneous injection of N = 1024 particles, uniformly distributed in a transverse slab of 1 m × 100 m. Details
on the numerical implementation of the GRW algorithm can be found in [22]. The cross-section concentration
recorded at the x -coordinate of the expected center of mass of the solute plume, x = Ut, was obtained by summing
the number of particles n(x, y, t) over transverse slabs ∆x × Ly , where ∆x = 1 m and Ly is the transverse dimension
of the two-dimensional domain. For each simulation, one obtains in this way a time series
C(t) = C(Ut, t) =

1
N∆xLy

Z
0

Ly

Z

Ut+∆x/2

n(x0 , y, t)dx0 dy.

(1)

Ut−∆x/2

n
o
The concentrations were sampled at intervals 2δt, which correspond to one day. A statistical ensemble C (s) (t) ,
t = 1, 2, ..., T , s = 1, 2, ..., S of time series of length T = 2000 was obtained by repeating the simulations for
S = 1000 independent realizations of the velocity field (see Figure 1(a)).
In [22, Appendix B2] it has been shown that the large values of the parameters S , N, and N p used in our
n GRWo
MC simulations ensure the reliability of the statistical inferences obtained by averaging over the ensemble C (s) (t) .
The simplified advection-dispersion model (constant, isotropic local dispersion coefficient and isotropic hydraulic
conductivity with small variance) considered in this study is the same as that used to develop the PDF/FDF approach for groundwater systems [17]. Despite its simplicity, this model can be used to illustrate essential features
of transport in groundwater, such as influence of local dispersion and sampling volume on concentration fluctuations [26, 28], ergodicity [22], memory effects [23], or anomalous behavior [10]. On the other hand, the transport
of the cross-section spatially averaged concentration (1) is well approximated by a one-dimensional process parameterized by longitudinal components of the velocity and dispersion coefficients, as shown by the numerical
results presented in [17, Section 5]. Hence, the behavior of the time series (1) is not affected by the anisotropy of
the transport parameters as long as the longitudinal dispersion coefficient does not depend on transverse dispersion, for instance when the anisotropic dispersion coefficients are proportional to velocity or constant [26]. The
choice of a small variance σ2lnK of the log-hydraulic conductivity facilitates the computation of large ensembles of
time series with thousands of terms because it allows fast transport simulations with Kraichnan generated velocity
fields, instead of numerical solutions of the flow equations, which would require huge computing resources.
It has been shown both theoretically [26, 27, 29] and numerically [22, 28] that for dispersion processes in
random velocity fields with short-range correlation, non-vanishing mean, and small fluctuations, the concentration
is approximately normally distributed, with time-decaying maximum concentration and concentration variance at
the center of the plume. Moreover, in the long time limit the process approaches a Gaussian diffusion with constant
coefficients, sometimes called “macrodispersion” process [22, 23].
The behavior of the ensemble average hC(x, t)i of the concentration sampled across the transverse dimension of
the computational domain is accurately approximated by a one-dimensional diffusion process with drift velocity
U and a time variable ensemble dispersion coefficient D(t) [17]. In the long time limit, the normalized mean
concentration is then given by the Gaussian probability density of the diffusion process with mean Ut and constant
macrodispersion coefficient D∗ = lim D(t),
t→∞

hC(x, t)i = (4πD∗ t)−1/2 exp[(x − Ut)2 /(4D∗ t)].
3
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Figure 1: (a) The first 100 concentration time series and the ensemble average hC(t)i plotted with thick line, in logarithmic

scale on the vertical axis. (b) The log-log plot of the ensemble average of the concentration time series hC(t)i (circle markers)
and the fitting with the power-law type function µ(t) (straight line)

√
The mean concentration at the expected center of mass x = Ut behaves in time
aso 1/ t and, because of the
n
approach to the macrodispersion process, it is an “attractor” for the time series C (s) (t) investigated in this paper.
The transport in the concentration space of the concentration PDF investigated in [17] is governed by a mixing
model describing the behavior of the increments dC(t) = C(t + 1) − C(t) of the time series process. A statistical analysis of 500 time series has been used to build a simple model for the increments dC(t), consisting of a
deterministic trend given by the ensemble average hdC(t)i and a “heteroskedastic process”, approximated by a
white noise with time-decaying amplitude [17]. Numerical simulations using this mixing model gave good results
at early and intermediate times but failed to predict the true concentration PDF at large times [16, 17, 24]. The
observation that this simple mixing model does not describe the approach to the macrodispersive attractor was the
starting point and the motivation for deeper investigations presented in this paper.
3. Statistical time series analysis and modeling
Each time series C (s) (t) for fixed s can be analyzed with methods of time series theory using statistical inferences obtained by time sampling and averaging (see for example [19, 20]). But if the time series have regions with
strong-nonstationarity, like the concentration series investigated here,n these methods
fail to reveal some important
o
features. In such cases, one can use the statistics of the ensemble C (s) (t) for fixed t and all values of s. For
example, the ensemble average hC(t)i of the concentration (see figure 1) is given by the arithmetic mean of the S
concentration values C (s) (t) at given t.
Figure 1(b) presents the log-log plot of the ensemble average of concentration as function of time. Its variation
is almost linear except a few values at the beginning of the time series. These values may be associated with
the numerical transition from the discontinuous initial condition (see Section 2) to a Gaussian shape of the twodimensional concentration field in our GRW simulations. Therefore, we consider t ≥ t0 = 30 and fit the average
hC(t)i with a power law function,
µ(t) = aµ t−bµ ,

aµ = 1.0084,

bµ = 0.5053, t ≥ t0 ,
(3)
√
plotted with straight line in Fig. 1(b). The fit is consistent with the 1/ t long time behavior of the concentration
sampled at the plume’s center implied by (2). Even though the fit is already very good for t ≥ 10, the restriction
t ≥ 30 is necessary to obtain simple, power-law models for the amplitude of the increments of the time series
which are analyzed in the following.
The centered time series are obtained by subtracting the ensemble average from each time series,
x(s) (t) = C (s) (t) − hC(t)i ,
4
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Figure 2: (a) The increments δx(s) (t) for t = 1, 2, ..., 1000 and s = 1, 2, ..., 100. (b) The volatility v(t), t = 1, 2, ..., 2000 plotted

with circle markers in log-log coordinates

and their increments are defined by
δx(s) (t) = x(s) (t + 1) − x(s) (t).

(5)

The increments (5) shown in Fig. 2(a) are heteroscedastic, that is, their amplitudes vary with time. We denote by
v(t) = h|δx(t)|i the ensemble average of the absolute values of the increment time series {δx(s) (t)} at given t. By
analogy to the theory of financial time series (see for example [30]), we refer to the mean amplitude v(t) as the
“volatility” of the increment time series. Its values are plotted in log-log coordinates in Fig. 2(b). The logarithm
of the volatility has a region with nonlinear variation at the beginning and, for t ≥ t0 , two distinct regions where its
variation is almost linear with respect to log10 (t), i.e. v(t) has a power law decay with respect to t. In these regions
log10 v(t) has two different slopes (the absolute value of the first one being larger).
To determine more precisely the time value for which log10 v(t) changes its slope, we consider a fixed initial
time t0 = 30, a fixed end point T = 2000 and a variable intermediate time t0 < tv < T . For each value of tv we fit
log10 v(t) with linear functions for t ∈ {t0 , . . . , tv } and for t ∈ {tv + 1, . . . , T }. We compute the square norm error for
every value tv ,
 t
1/2
T
v



2 X 
2 
X 

log10 v(t) − log10 aϑ1 − bϑ1 log10 t +
log10 v(t) − log10 aϑ2 − bϑ2 log10 t 
e(tv ) = 
,




t=tv +1

t=t0

which has a minimum at tv = 288. This minimum separates the two regions with different slopes. So, we can
divide the length T of the time series into three distinct regions with different behavior of the volatility v(t): a
region with numerical variability from t = 1 to t = t0 − 1; a transient region where the volatility decreases rapidly
and can be modeled by the power-law function ϑ(t) = aϑ1 t−bϑ1 , bϑ1 = 0.9209, aϑ1 = 0.0379 between t = t0 and
tv = 288; a region which corresponds to the approach to the asymptotic behavior, with a slow decrease of the
volatility, modeled by the power law function ϑ(t) = aϑ2 t−bϑ2 , bϑ2 = 0.5880, aϑ2 = 0.0057, between tv + 1 = 289
and T = 2000.
In the following we analyze the residuals obtained after dividing every increment time series δx(s) (t), s =
1, ..., S , of the statistical ensemble by the volatility v(t),
z(s) (t) = δx(s) (t)/v(t).

(6)

The residuals z(s) (t) plotted in Fig. 3(a) seem to be realizations of an uncorrelated noise. Using a common approach in time series theory, we check whether the distribution of the residuals z(s) (t), for fixed s and t ∈ {1, . . . , T }
is normal by the Kolmogorov-Smirnov test. The statistics DKS of this test is defined as the maximum of the absolute value of the difference between the empirical cumulative distribution function of the individual standardized
5

residual series and the theoretical cumulative distribution function of the normal distribution (see for e.g. [31]).
Figure 3(b) shows that all DKS values are smaller than the critical value DKS = 0.03028, which corresponds to a
5% significance level. The values of the autocorrelation functions, estimated through time averages on individual
realizations, are already negligible from the first time lag. Together, these tests indicate that the residual process
z(s) (t) defined by (6) is a Gaussian white noise.

Figure 3: (a) The residuals z(s) (t), for t = 1, 2, ..., 1000 and s = 1, 2, ..., 100, of the concentration increments divided by the
average volatility. (b) The Kolmogorov-Smirnov statistics DKS for all S = 1000 standardized residual series and the critical
value plotted with straight line.

Based on the above analysis, the concentration time series can be modeled as a combination of a deterministic
variation of power law type and a sum of terms generated by a Gaussian white noise N(0, σ2z ) modulated in
amplitude. The relations (4-6) and the model ϑ(t) of the volatility v(t) presented above, provide a relatively simple
model of the concentration time series for t > t0 = 30,
C(t) ≈ µ(t) + x(t0 ) +

t−1
X

ϑ(τ)z(τ),

(7)

τ=t0

with average concentration and volatility modeled by
µ(t) =

aµ t−bµ ,

ϑ(t) =

aϑ t−bϑ ,

z ∼

aµ = 1.0084, bµ = 0.5053,
(
0.0379, t = t0 , ..., tv
aϑ =
,
0.0057, t = tv + 1, ..., T

N(0, σ2z ),

(
bϑ =

0.9209,
0.5880,

t = t0 , ..., tv
t = tv + 1, ..., T,

tv = 288,

(8)

σ2z = 1.5768.

This model needs initial values for x(t0 ). The analysis of the ensemble {x(s) (t0 )}, s = 1, ..., 1000, shows that the
initial values are almost normally distributed with zero mean and variance σ2x(t0 ) = 1.8822 · 10−4 . In order to verify
this model we used (7-8) to generate 1000 concentration time series, plotted in Fig. 4(b). One observes that the
time series generated with this model are much more scattered than the initial time series (Fig. 4(a)). Moreover,
instead of approaching to zero for large values of t, some generated time series take negative values. In conclusion,
the model (7-8) fails to reproduce the behavior of the initial time series.
4. Modeling the asymptotic behavior of the concentration
To account for the asymptotic behavior of the concentration time series in Fig. 4(a), the simple model defined
by relations (7-8) has to be completed with a mechanism which prevents the scattering of the time series realizations shown in Fig. 4(b). That means, when the distance |x(s) (t)| between a realization s of the concentration time
6

Figure 4: (a) The initial MC-GRW ensemble of concentration time series. (b) The ensemble generated with the model (7-8). (c)

The ensemble generated using (13) and residuals z(t) modeled as a Gaussian white noise. (d) The ensemble generated with the
model given by the equations (13), (14) and (15). Unlike the plot in Fig. 1, here the log-coordinates are not used and all time
series are plotted for t > t0 + 1.

series and the ensemble average increases, it should be decreased at the next time steps by increments δx(s) in the
opposite direction. Therefore, we investigate the relation between x(s) (t) and its increments at the next time steps
by computing Pearson correlation coefficients through averages over the ensemble of S time series realizations.
The relevant, non-zero correlation is that between x(s) (t) and the increments δx(s) (t + 1). The corresponding coefficient starts from negative values, followed by a rapid increase in time and an approach to zero through small
fluctuations. The processes x(s) (t) and δx(s) (t + 1) are thus anticorrelated.
In the mean, the relation between the anticorrelated δx(s) (t + 1) and x(s) (t), s = 1, . . . , S , is given by a linear
regression with coefficients p1 and p0 . With ξ(s) (t + 1) being the fluctuating part of δx(s) (t + 1) about the linear
regression, the increments δx(s) are advanced in time according to the model
δx(s) (t + 1) = p1 (t + 1)x(s) (t) + p0 (t + 1) + ξ(s) (t + 1),

t ≥ t0 .

(9)

Figure 5 presents the values of p1 (t). One observes that they have high variability and most of the values are
negative. Their dependence on time is well fitted with the power law function
p1 (t) ≈ a p t−b p + c p ,

a p = −1.3733,

b p = 1.0127,

c p = −5.5460 · 10−4 .

(10)

The values of this function are used in the following as coefficients describing the dependence between δx(s) (t + 1)
and x(s) (t) in the model of C(t). The values of p0 (t), not presented here, are very small (all being below 10−15 ), so
they will be neglected.
The fluctuations ξ(s) (t) obtained after removing the values p1 (t)x(s) (t − 1) from δx(s) (t), for t ≥ t0 + 1, are still
heteroscedastic, similar to the increments δx(s) (t) shown in Fig. 2(a). The corresponding volatility is given by the
ensemble average u(t) = h|ξ(t)|i and the residuals are defined, similarly to (6), by
z(s) (t) = ξ(s) (t)/u(t).
7
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Figure 5: The coefficients of the linear regression between δx(s) (t) and x(s) (t − 1).

The log-log plot of the volatility u(t) has two linear parts with different slopes. They are fitted with power law
functions denoted by υ(t) using the method described in the previous section,
(
(
0.0326, t = t0 , ..., tu
0.8936, t = t0 , ..., tu
υ(t) = aυ t−bυ , aυ =
, bυ =
(12)
0.0056, t = tu + 1, ..., T
0.5850, t = tu + 1, ..., T, tu = 298.
We note that all the values of the coefficients in (12) are very close to those given in (8). Thus, removing the linear
regression from δx(s) does not change the volatility in a significant way. The Kolmogorov-Smirnov test and the
autocorrelation functions indicate, again, that the residual process z(s) (t) defined in (11) is a Gaussian white noise.
Taking into account the analysis from this section we modify the model (7) for the ensemble of concentration
time series for t > t0 + 1 as follows:
C(t) ≈ µ(t) + x(t0 + 1) +

t−1
X



p1 (τ)x(τ − 1) + υ(τ)z(τ) ,

(13)

τ=t0 +1

with µ(t) defined in (8), p1 (t) given by Eq. (10), υ(t) given by Eq. (12), initial values x(t0 + 1) almost normally
distributed with zero mean and variance σ2x(t0 +1) = 1.8083 · 10−4 , and z ∼ N(0, σ2z ), where σ2z = 1.5759.
The regression between δx(t) and x(t − 1) introduced in (13) is the mechanism we were looking for, which
ensures the convergence of the concentration time series towards the true asymptotic behavior. An ensemble of
1000 concentration time series generated with the model (13) is presented in Fig. 4(c). They now have a convergent
behavior similar to that of the original ensemble (compare Fig. 4(a) and Fig. 4(c)). The minimum and maximum
concentration values for the initial ensemble and of the generated one are also similar (see Fig. 6(a)). But the
standard deviation σ(C(t)) estimated by averaging over the ensemble of generated time series is a bit smaller for
t < 500, while for t > 500 it is larger than for the initial ensemble (see Fig. 6(c)).
5. Nonstationarity of the residual time series
The residuals z(t) from relation (13) seem to be realizations of a Gaussian white noise. However, as seen in
Section 3, statistical inferences based on time averages computed on individual time series could be misleading.
Therefore, a deeper investigation on the statistical structure of the residuals time series should be carried out.
To proceed, we apply a symmetric moving average filter (see for example [32]) with the semi-length of the
window equal to 10 to every z(s) (t), for fixed s (e.g. Fig. 7(a)). The resulted time series {z̃(s) (t)} are inhomogeneous,
with large amplitudes at early times, which slowly decay at large times (Fig. 7(b)). The inhomogeneity might be
attributed to a nonstationary autocorrelation of the stochastic process {z(s) (t)}.
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Figure 6: Minimum and maximum values of the concentration time series {C s (t)}, s = 1, 2, ..., 1000, t > t0 + 1, generated with
residuals modeled as a Gaussian white noise process (a), respectively as an AR(1) process (b), and the corresponding standard
deviations, (c) and (d), respectively. Smooth lines correspond to the initial ensemble (color online: magenta for the initial
ensemble, blue for generated ensembles).

To investigate this possibility, we computed correlations between the residuals z(s) (t) and z(s) (t − τ), through
averages over the ensemble of S realizations, at time lags τ = 1, 2, 3 for all t ∈ {t0 + τ + 1, . . . , T }. The ensemble
Pearson correlation coefficients for τ = 1, denoted by γ1 (t), are plotted in Fig. 8. Over the first several hundreds
time steps γ1 (t) takes positive values, then, it decreases towards negative values and reaches an almost stationary
regime at large times. The correlation coefficients for τ = 2 and 3 are significantly smaller than γ1 (t) and can be
neglected. Hence, the process z(s) (t) is a nonstationary correlated noise with correlation coefficient decreasing in
time.
This analysis suggests that the residuals z(s) (t) can be modeled in a first approximation as an AR(1) process
with time-varying correlation coefficient (see e.g. [33–35]),
z(s) (t) = γ1 (t)z(s) (t − 1) + ε(t),

ε ∼ N(0, σ2ε ),

(14)

where σ2ε = 1.5451. The variable correlation coefficients γ1 (t) can be fitted with an exponential function with a
constant added (plotted with continuous line in Fig. 8),
γ1 (t) ≈ aγ e−bγ t + cγ ,

aγ = 0.7021,

bγ = 0.0047,

cγ = −0.1321.

(15)

We also find that the initial values z(s) (t0 + 1), s = 1, 2, ..., S can be well approximated by a normal distribution
with zero mean and σ2z(t0 +1) = 1.5621.
Considering the AR(1) model for the residuals z(t) in (13), we obtain a complete model that can be used to
generate concentration time series, specified by relations (13), (14) and (15). An ensemble of 1000 time series
generated with this model is presented in Fig. 4(d). The corresponding minimum and maximum values of C s (t)
are shown in Fig. 6(b) and the standard deviations in Fig. 6(d). Figures 6(a) and 6(b) show that the extreme values
of the concentration can be reproduced with either the white noise or the AR(1) models for residuals. Instead, the
standard deviation of the concentration time series generated by using the AR(1) model (Fig. 6(d)) is much more
accurate than that obtained with the white noise model (Fig. 6(c)).
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Figure 7: (a) A time series of residuals z(t). (b) The same time series smoothed with a moving average filter.

To conclude the validation of the model (13-15), we also estimated the probability densities of the values of C(t) generated with the AR(1) noise model for residuals z(t) and compared them with those inferred
from the initial ensemble MC-GRW simulations. The PDFs are close to each other at all times (those for
t = 32, 100, 300, 500, 1000, and 1995 are compared in Fig. 9), as already expected from the good results for extreme concentration values and standard deviations shown in Fig 6. As the time increases the PDFs get narrower
and narrower, indicating that the values of C(t) fluctuate close to the average concentration and reach the correct
asymptotic behavior. Thus, the time series generating process (13-15) has the desired features of an appropriate
mixing model for the PDF approach proposed in [17].
A similar mixing model for FDF evolution equations can be derived from an ensemble of time series obtained
from GRW-MC simulations based on spatially filtered Kraichnan velocity fields generated with the algorithm
described in [17, Appendix A]. The practical advantage of the FDF approach is that the effect of sampling volume
can be investigated without solving volume averaged transport equations because their solutions, e.g. volume
averaged concentration and variance, can be readily obtained by computing the moments of the FDF solution.
6. Discussion and conclusions
The analysis of a statistical ensemble of 1000 time series of concentration allowed us to reveal their complex
structure. The main structure is similar to a Brownian motion but modified by four types of nonstationarity.
According to (3), the average concentration decreases as a power law, in agreement with the theoretical model
(2) (this being the first nonstationarity of deterministic trend type). On this deterministic variation a random
component (expressed as a sum of increments) is superposed (see (13)). If the increment time series were a
Gaussian white noise, then the random component would be a Brownian motion. But the increment time series
contains three nonstationarities: the increments are anticorrelated with the distance between the concentration and
its average value over the statistical ensemble, anticorrelation described by the linear regression coefficient (10)
which is varying in time; the amplitude of the residuals of the regression varies in time according to the volatility
(12); moreover the demodulated regression residuals have a variable correlation in time and are modeled by an
AR(1) process with a time-varying parameter (14).
The complexity of the structure of these time series also manifests itself in their convergence in time to the
asymptotic self-similar evolution. For t < t0 = 30 the simulated concentrations undergo a numerical transition as
the discontinuous initial concentration is smoothed out. After this initial period of time, there is a transition period
of about 300 time steps with a strong nonstationarity, where the volatility has a rapid decrease (Fig. 2), the linear
regression coefficient is much larger in absolute value than at later times (Fig. 5) and the autoregressive correlation coefficient takes large positive values (Fig. 8). For larger values of t, as the evolution of the concentration
approaches the asymptotic behavior, all these parameters have small variations and tend to a stationary value.
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Figure 8: The variable Pearson correlation coefficients of the AR(1) model and their fitting with an exponential function.

Figure 4(b) illustrates the inability of the simple model (7-8), which is a precise mathematical formulation of
the mixing model used in [17], to avoid the spreading of the ensemble of time series around the mean as the time
increases. The behavior of the original ensemble (Fig. 4(a)) is reproduced with the new model (13) by considering
the linear regression term, while keeping the noise term unchanged (Fig. 4(c)). By considering the AR(1) noise
(14-15), the model (13) improves the overall convergent behavior of the ensemble of generated time series, as well
as the estimation of the standard deviation.
A mixing model moves the PDF in concentration spaces by increments of concentration time series [12, 16,
17, 24]. Using (4), the increments dC(t) = C(t + 1) − C(t) of the time series model (13) can be written in a form
closer to that used in PDF approaches:
dC(t) ≈ dhC(t)i + p1 (t) [C(t − 1) − hC(t − 1)i] + υ(t)z(t).

(16)

The first and last terms in the right hand side correspond to the simple stochastic model (7) and to its empirical
formulation in [17]. The linear regression (middle term) has the structure of Interaction by Exchange with the
Mean (IEM) model used in PDF methods for turbulent flows [12]. The only difference is that instead of the
variable coefficient p1 (t), the factor in the IEM model is a constant, proportional to the “mixing frequency” (inverse
of the characteristic time scale). The IEM model is an exact mixing model, rigorously derived for homogeneous
and isotropic turbulence [13]. However, in PDF problems for transport in groundwater flows the IEM model
underestimates the drift in concentration space which moves the PDF towards small concentration values [16,
17]. A time-dependent coefficient of the IEM model, heuristically inferred from the parameters of the transport
problem, has been also proposed [29]. It improves the PDF simulation, but only for small to intermediate times.
It seems that the drawback of the IEM model is the absence of the trend increment dhC(t)i and that of the noise
term. In case of the simple stochastic model (7), the drawback is the absence of the regression term. Both models
are generalized by the complete time series model (13).
The model (13) reveals the structure of the mixing model which governs the transport in concentration space
of the PDF of C(t) defined by Eq. (1). The transport of the concentration PDF in concentration space presented
in Fig. 9 shows that the mixing model (16) is practically exact in this case. Similarly to the classical IEM model
which is appropriate for modeling a large variety of scenarios of turbulent transport, one expects that mixing
models for more complex problems of transport in groundwater will have the same structure as (16), consisting
of a deterministic trend, a noise, and a regression term generalizing the classical IEM model. Since the variable
regression coefficient p1 (t) in Eq. (10) is negative, the regression term describes the time-dependent relaxation of
the fluctuations [C − hCi] as the concentration approaches a spatially uniform distribution. Comparing Fig. 4(b)
to Fig. 4(c) and Fig. 4(d), we can see that the presence of this term in (13) prevents the occurrence of negative
concentrations, which is a major drawback of diffusion-like mixing models [12].
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The large number of parameters of the model (13) is required to generate time series with approximately the
same statistics as the initial ensemble (see Fig. 6 and Fig. 9). On the other hand, we found that using, instead
of AR(1), autoregressive and moving average models of higher order with larger number of parameters to model
the noise z(t) in (13) does not significantly improve the results. The need to fit a large number of parameters
could be however a cumbersome task in practical applications to PDF/FDF problems. Moreover, these parameters
are not directly related to the physical parameters of the transport problem. To parameterize a model with the
same structure as in (16), but for different transport conditions and physical parameters, one needs another set of
real data, i.e. an ensemble of time series realizations. For practical purposes of estimating PDFs of maximum
concentration by the approach proposed in [17], the mixing model (16) can be parameterized, for the beginning,
as follows: a trend given by the average concentration (2) at the plume center of mass, completely specified by the
macrodispersion coefficient D∗ (or a similar expression for the average concentration at finite times, depending
on the ensemble dispersion coefficient D(t)); a white noise with variable amplitude, inferred from analyses of
individual synthetical or measured time time series, for instance by using the automatic detrending algorithm
presented in [32]; the IEM model with variable coefficients introduced in [29], specified by the local dispersion
coefficient D and the longitudinal component of the effective dispersion tensor or equivalently, by the longitudinal
effective dispersion coefficient, the correlation length λ of the log-hydraulic conductivity field, and the dispersion
time scale λ2 /D.
The time series mixing model (16) has been inferred from MC simulations for initial conditions which correspond to an instantaneous injection of the resident concentration in an experimental setup. We did not consider the
in-flux injection mode and continuous injections over finite intervals in time or in the longitudinal spatial direction
[36]. In such situations we only can expect that a stationary regime is reached more rapidly and the regression
coefficient p1 (t) in Eq. (16) approaches a constant value in shorter times. We investigated instead the influence
of the sampling time and spatial sampling domain, as well as the effect of large variance of the log-hydraulic
conductivity field. In all cases we found that the time series process has the general structure of Eq. (16), but with
more or less important changes of the parameters. As shown in Appendix A.1, the effect of reducing the sampling
interval from 1 d to 0.5 d is the strengthening of the correlation of the noisy z(t) in Eq. (13). By replacing the
transverse slab in Eq. (1) with square sampling domains of edge equal to 1 m and 2 m, respectively, we found that
the regression coefficient p1(t) is no longer a power law, being better approximated by a polynomial fitting and
the numerical transition at the beginning of the time series takes longer, the model being valid for t > 100 (Appendix A.2). Increasing the variance of the log-hydraulic conductivity field to σ2lnK = 6.0, the time series model
reproduces the statistics of the initial ensemble with a lower accuracy but still keeps the structure of (16) as well
as the structure of the parameter functions, with modified numerical constants. Moreover, since larger velocity
12

fluctuations result in enhanced mixing, the smoothing of the discontinuous initial condition is faster than for small
variability, and the model is already valid for t > 10 (Appendix A.3). As a general conclusion, we note that the
time series model has a general structure consisting of a deterministic trend, a linear regression, and a noise, but
for accurate assessments of the parameters separate analyzes for different experimental scenarios are required.
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Appendix A. Influence of sampling time, spatial sampling domain, and variance of the ln K field
Appendix A.1. Influence of sampling time
Repeating the analysis presented above for an ensemble of time series obtained from the same GRW-MC
simulations but with cross-section concentration (1) sampled at 0.5 d, instead of 1 d, we found that the time series
model preserves the structure (13), with modified parameters. As shown in Table A.1, the model (3) of the mean
concentration remains practically unchanged, the difference between the coefficients aµ being a consequence of
time scaling from t to t/2 in case ∆t = 0.5 d, where the time series with T = 4000 terms corresponds to the same
physical time of 2000 d. The other parameters are more or less close to each other, with the exception of the
parameters of the AR(1) noise. The decrease of bγ and the increase of cγ in (15) correspond to a strengthening
of the correlation of the noisy part of the increments from (13). Since this correlation is strictly positive in case
∆t = 0.5, according to (13), the correlation of the centered time series (4) increases as well. These effects are
somewhat similar to that observed in a recent study on the influence of the lag on the statistics of the increments
of a subordinated Gaussian process [4].
Table A.1: Parameters of the model (13) for different sampling intervals ∆t of the time series (1)

∆t = 1 d
∆t = 0.5 d

aµ
1.0084
1.3980

bµ
0.5053
0.5021

ap
-1.3733
-0.8079

bp
1.0127
0.9389

cp
-5.5460·10−4
-6.4511·10−4

aγ
0.7021
0.5589

bγ
0.0047
0.0027

cγ
-0.1321
0.2364

Appendix A.2. Influence of spatial sampling domain
To investigate the dependence of the time series model on the sampling domain we repeated the analysis from
Sections 3-5 for concentration time series sampled similarly to Eq. (1) at the expected center of mass of the plume
at time intervals of one day, in spatial domains of 2m x 2m and 1m x 1m. The corresponding ensembles of GRWMC simulations were obtained for the same numerical setup and initial condition of the two-dimensional transport
problem as for the ensemble of concentration time series sampled in cross-section transverse slabs described in
Section 2. The new time series are more irregular than those sampled in the cross section of the domain. This
process is no longer an exact mixing model but can be used as a starting approximation for three-dimensional PDF
problems (two spatial dimensions and a concentration axis).
The new time series models for small sampling domains keep the general structure of (13). But now the regression coefficient p1 (t) is no longer a power law function, being better approximated by a polynomial fitting. (For
the purpose of illustrations presented in Figs. A.1 and A.2 we did not refine the polynomial fitting, using instead
the regression coefficients computed from initial ensembles of time series smoothed with a moving average.)
Since the numerical transition zone at the beginning of the time series takes longer, the model parameters
can be determined only for times larger than t0 = 100. Fig. A.1 shows that the extreme values and the standard
deviations obtained from the time series models approximate the values obtained from the MC ensembles with
lower accuracy than in case of cross-section sampling domain (see Fig. 6). In case of the smaller sampling domain
of 1 m × 1 m the approximation is better, because the fluctuations of the number of particles are smaller than when
sampled in the larger domain of 2 m × 2 m domain. The estimations of the concentration PDF shown in Fig A.2
are still acceptable, being more accurate in case of the 1 m × 1 m domain.
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Figure A.1: Minimum and maximum values of the concentration time series {C s (t)}, s = 1, 2, ..., 1000, t > t0 + 1, generated

with the time series model (13-15) compared to the values estimated from the initial ensemble (smoother curves) for sampling
domains 2 m × 2 m (a) and 1 m × 1 m (b) and the corresponding standard deviations, (c) and (d), respectively (color online:
magenta for the initial ensemble, blue for generated ensembles).

Appendix A.3. Influence of σ2lnK
To get a hint on the influence of increasing the variance of the ln K field, we use an ensemble of S = 200 time
series obtained from MC-GRW simulations of non-reactive transport in Kraichnan velocity fields generated with
σ2lnK = 6.0, for the same initial condition, sampling time, and sampling domain as in case σ2lnK = 0.1 [37].
Though these fields are no longer acceptable first-order approximations of the Darcy flow velocity, they can
be used to illustrate the effect of high velocity heterogeneity on the structure of the time series process. To avoid
the effect of particle trapping which occurs at large times in two-dimensional simulations with particles in case of
large velocity fluctuations [22], the length of the time series has been limited to T = 100 days.
Repeating the analysis from Sections 3-5, we found that the time series process has the same structure as in
case of small variability of the velocity field, with modified numerical parameters. The regression coefficient p1 (t)
can be approximated by a power low, similarly to the case with small variance σ2lnK = 0.1. Since larger velocity
fluctuations enhance mixing, the smoothing of the discontinuous initial condition is faster than for small variability
and the model is already valid for t > t0 + 1, where t0 = 10. The extreme values and the standard deviation of the
ensemble of time series are reproduced with lower accuracy than in case σ2lnK = 0.1 (Figs. A.3(a) and A.3(b)) but
the estimation of the concentration PDF is still satisfactory (Fig. A.3(c)).
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