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Interactions between surface water and groundwater play an essential role in hydrology, hydrogeology,
ecology, and water resources management. A proper characterisation of riverbed structures might be
important for estimating river-aquifer exchange fluxes. The ensemble Kalman filter (EnKF) is commonly
used in subsurface flow and transport modelling for estimating states and parameters. However, EnKF
only performs optimally for MultiGaussian distributed parameter fields, but the spatial distribution of
streambed hydraulic conductivities often shows non-MultiGaussian patterns, which are related to flow
velocity dependent sedimentation and erosion processes. In this synthetic study, we assumed a riverbed
with non-MultiGaussian channel-distributed hydraulic parameters as a virtual reference. The synthetic
study was carried out for a 3-D river-aquifer model with a river in hydraulic connection to a homoge-
neous aquifer. Next, in a series of data assimilation experiments three different groups of scenarios were
studied. In the first and second group of scenarios, stochastic realisations of non-MultiGaussian dis-
tributed riverbeds were inversely conditioned to state information, using EnKF and the normal score
ensemble Kalman filter (NS-EnKF). The riverbed hydraulic conductivity was oriented in the form of chan-
nels (first group of scenarios) or, with the same bimodal histogram, without channelling (second group of
scenarios). In the third group of scenarios, the stochastic realisations of riverbeds have MultiGaussian dis-
tributed hydraulic parameters and are conditioned to state information with EnKF. It was found that the
best results were achieved for channel-distributed non-MultiGaussian stochastic realisations and with
parameter updating. However, differences between the simulations were small and non-MultiGaussian
riverbed properties seem to be of less importance for subsurface flow than non-MultiGaussian aquifer
properties. In addition, it was concluded that both EnKF and NS-EnKF improve the characterisation of
non-MultiGaussian riverbed properties, hydraulic heads and exchange fluxes by piezometric head assim-
ilation, and only NS-EnKF could preserve the initial distribution of riverbed hydraulic conductivities.

© 2015 Elsevier B.V. All rights reserved.

Keywords:

Data assimilation

Ensemble Kalman Filter
Riverbed characterisation
River-aquifer interaction
Non-MultiGaussian

Patterns

Normal score transformation

1. Introduction these media are considered homogeneous (Fox and Durnford,

2003) and the models for quantifying the exchange fluxes are

Exchange processes between surface water and groundwater
play an essential role for hydrology, hydrogeology, ecology, and
water resources management (Brunke and Gonser, 1997; Hayashi
and Rosenberry, 2002; Sophocleous, 2002). The main uncertain
factors for predicting river-aquifer water exchange fluxes are riv-
erbed and aquifer properties (Saenger et al., 2005; Storey et al.,
2003). A better characterisation of riverbed structures representing
more realistic properties may lead to an improved estimation of
river-aquifer exchange fluxes (Kurtz et al., 2012). Traditionally,
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simplified.

Field measurements and inverse modelling show that in the
real world riverbed hydraulic conductivities may vary over several
orders of magnitude (Calver, 2001). Several field surveys also indi-
cate that the spatial distribution of river bed hydraulic conductiv-
ities exhibit non-Gaussian features (e.g., Cheng et al., 2011;
Genereux et al., 2008; Leek et al., 2009; Sebok et al., 2015;
Springer et al., 1999). Springer et al. (1999) found a bimodal distri-
bution of hydraulic conductivity for five reattachment bars in the
Colorado River (Grand Canyon National Park, USA). Genereux
et al. (2008) conducted a detailed field experiment in a 250 m long
river reach of West Bear Creek (North Carolina, USA) and found
that measured river bed hydraulic conductivities are neither
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normally nor log-normally distributed. Cheng et al. (2011) mea-
sured vertical streambed hydraulic conductivities at 18 sites along
a 300 km reach of Platte River (Nebraska, USA) and evaluated
whether the measured values were normally distributed. For nine
sites a normal distribution could be confirmed by several statistical
tests. However, for the other sites the statistical tests were not sig-
nificant, which was attributed to the presence of river tributaries
with varying sediment loads. Several studies also suggest that
there can be a distinct spatial pattern of cross-sectional river bed
hydraulic conductivities (e.g., Genereux et al., 2008; Min et al.,
2013; Sebok et al., 2015), which is thought to be related to flow
velocity dependent spatially distinct sedimentation and erosion
patterns. Some papers (e.g., Genereux et al., 2008; Leek et al.,
2009; Sebok et al., 2015) additionally provide maps of the spatial
distribution of measured river bed conductivities showing spatial
patterns that can hardly be described by a purely Gaussian
distribution.

Flow and transport modelling indicates that heterogeneity of
riverbed properties has a large impact on river-aquifer exchange
fluxes (Irvine et al., 2012; Kalbus et al., 2009; McCallum et al.,
2014; Salehin et al., 2004; Woessner, 2000; Wroblicky et al.,
1998). In earlier work, we analysed temporal changes in river
bed hydraulic conductivities, which could be generated by floods
and sedimentation processes (Kurtz et al., 2012). It was found that
sequential data assimilation can detect the changes in the river bed
with some delay. Kurtz et al. (2014) analysed the value of temper-
ature measurements to characterise heterogeneous riverbeds. In
other works it was analysed whether heterogeneous riverbeds
(with Gaussian distributed heterogeneous riverbed conductivities)
can be replaced with a few zones with spatially homogeneous riv-
erbed conductivities (Kurtz et al., 2013). In practice not enough
detailed knowledge is available on the spatial variation of riverbed
hydraulic conductivities and Gaussian statistics are used for mod-
elling, if heterogeneity is taken into account at all. However, non-
Gaussian patterns probably have a significant influence on the
magnitude and the spatial patterns of river-aquifer exchange
fluxes, which can be of great importance for the prediction of
transport processes of heat and contaminants in river-aquifer sys-
tems. Non-MultiGaussian patterns of riverbed hydraulic conduc-
tivities could result in very different net exchange fluxes
between streams and aquifers compared to MultiGaussian distri-
butions with the same geostatistical parameters. It was demon-
strated that non-MultiGaussian patterns in aquifers result in a
flow and transport behaviour which is very different from Mul-
tiGaussian patterns with the same global statistics (e.g., Gomez-
Hernandez and Wen, 1998; Zinn and Harvey, 2003). Fleckenstein
et al. (2006) and Frei et al. (2009) represented facies distribution
of aquifer heterogeneities and investigated the dynamics of
river-aquifer exchange fluxes. However, in their studies, only aqui-
fer heterogeneities were treated as non-MultiGaussian and riv-
erbed hydraulic conductivities were the same as the underlying
aquifer hydraulic conductivities. Consequently, until now, such
non-MultiGaussian patterns have not been taken into account for
the generation of riverbed hydraulic conductivities; neither were
non-MultiGaussian distributed conductivities updated using
inverse methods or data assimilation. This study therefore focuses
on investigating the impact of the non-MultiGaussian distribution
of riverbed hydraulic conductivities on model states and river—
aquifer exchange fluxes.

A number of already established simulation techniques devel-
oped to characterise the spatial variability of aquifer hetero-
geneities (Khodabakhshi and Jafarpour, 2013; Zinn and Harvey,
2003) can also be applied for the characterisation of spatially vari-
able riverbed structures. Geostatistical simulation techniques can
model spatial heterogeneity by generating equally likely stochastic
realisations of the spatially variable geological medium. One typi-

cal approach is the sequential simulation algorithm (Goémez-
Hernandez and Journel, 1993) based on a variogram to generate
a conditional realisation from a MultiGaussian random function.
Elfeki and Dekking (2001) proposed a Markov chain model to char-
acterise geological heterogeneities constrained on well data.
Another approach is the multiple-point (MP) geostatistical tech-
nique (Guardiano and Srivastava, 1993) which expanded the tradi-
tional sequential simulation by avoiding the definition of a random
function based on two-points geostatistics (Hu and Chugunova,
2008). A comparison between simulations generated by the
multiple-point geostatistical method and variogram-based geo-
statistics showed that the reproduction of the hydraulic conductiv-
ity field generated by MP methods can better represent certain
geological media (Mariethoz et al., 2010). We assume that the
multiple-point geostatistical method can also be used to generate
more realistic parameter distributions of riverbeds. A next step is
the inverse conditioning of the non-MultiGaussian parameter dis-
tribution to hydraulic head data.

Inverse modelling techniques are also called indirect methods
which encompass model identification and parameter estimation.
Carrera et al. (2005) reviewed the recent progress of inverse mod-
elling for aquifer characterisation and tried to find similarities
between well-established methods, including the pilot point
method, zonation method and sequential self-calibration. Carrera
and Neuman (1986) used a maximum likelihood method called
the zonation method to estimate hydraulic conductivities and pos-
sibly other parameters for a limited number of zones in which the
aquifer is divided. The division of the aquifer in a limited number
of zones reduces the number of parameters to be estimated and
allows a unique, stable solution of the inverse problem. Carrera
and Neuman (1986) proposed the solution of the inverse problem
by an iterative approach solving the groundwater flow problem,
which results in a hydraulic head solution which is consistent with
the parameters. RamaRao et al. (1995) proposed the pilot point
method for solving the inverse problem in groundwater flow sys-
tems, locating pilot points where there are no measurements.
The sequential self-calibration method was proposed by Gémez-
Hernanez et al. (1997) and generates equally likely realisations of
transmissivity fields conditioned to both transmissivities and
heads. The main step forward of this approach is that a non-
unique solution is sought to the inverse problem and multiple
equally likely solutions are calculated. A comparison of seven
inverse modelling methods for groundwater flow was presented
by Hendricks Franssen et al. (2009). They showed that Monte Carlo
based inverse modelling methods, which calculate multiple
equally solutions to the inverse problem, generally outperform
other inverse methods.

The Ensemble Kalman Filter (EnKF) (Evensen, 1994) is a Monte
Carlo based inverse method. Instead of calculating one solution
with a dynamical simulation model (in this paper a hydrological
model) multiple solutions are calculated. The multiple solutions
are calculated for different model inputs, like for example different
spatial distributions of input parameters. Also other model input
can be made uncertain. The different model inputs characterise
the model input uncertainties and are sampled from multivariate
probability density functions. The multiple solutions are used to
calculate the model covariance matrix, containing the covariances
between all model states. EnKF is a purely stochastic method
because the observations are treated as random variables by add-
ing perturbations to the measurements (Burgers et al., 1998). EnKF
can be extended to estimate parameters together with states and
was applied for estimating hydraulic conductivities for a transient
groundwater flow problem by Chen and Zhang (2006). As it is sui-
ted to condition to observations and performs well for non-linear
models, it becomes a robust tool to deal with flow and transport
problems in complex geological media. Hendricks Franssen and
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Kinzelbach (2008) used EnKF combined with the 2-D saturated
transient groundwater flow equation to update both model states
and parameters. A damping factor was introduced to avoid the fil-
ter inbreeding problem, which is an underestimation of the model
variance related to a limited number of ensemble members used to
approximate the model covariance matrix. Camporese et al. (2009)
estimated stream flow using the CATHY model and incorporated
the assimilation of both stream flow and pressure head data for
two synthetic cases: a soil column experiment and a V-
catchment scale experiment. Results showed that EnKF increased
the accuracy of the prediction. Also Bailey and Bau (2010, 2012),
and Pasetto et al. (2012), amongst others, analysed joint assimila-
tion of pressure and discharge data for a coupled surface-subsur-
face problem. These papers however did not focus specifically on
the riverbed and did not update riverbed hydraulic properties.
Hendricks Franssen et al. (2011) jointly updated aquifer hydraulic
conductivities and leakage coefficients in a real-time application of
EnKF for the Limmat Valley aquifer in Zurich, Switzerland. Kurtz
et al. (2012) characterised time-dependent leakage coefficients
by updating time-dependent model parameters with EnKF using
covariance inflation to improve the estimation performance.
Kurtz et al. (2013) updated spatially variable leakage coefficients.

EnKF only works optimally when parameters or states follow a
Gaussian distribution. Kerrou et al. (2008) investigated and com-
pared the ability of direct methods and inverse modelling in char-
acterising non-MultiGaussian parameter fields under the wrong
assumption of a MultiGaussian random function model. They
observed that two points MultiGaussian techniques were not able
to detect the non-MultiGaussian structures and may lead to inac-
curate groundwater flow and mass transport predictions. However,
it is unclear whether river-aquifer exchange fluxes are affected in a
similar way to flow and transport in aquifers. One approach to deal
with non-Gaussian patterns of states and parameters is provided
by Sun et al. (2009). They combine a grid-based EnKF with a Gaus-
sian mixture modelling approach for handling non-Gaussian distri-
butions. Another solution is the implementation of a normal score
transformation which renders states and parameters Gaussian
(Zhou et al, 2011) using anamorphosis functions for log-
conductivities and piezometer heads. Zhou et al. (2011) showed
that the Normal Score Ensemble Kalman Filter (NS-EnKF) outper-
forms the standard EnKF both in terms of characterising hydraulic
conductivities and updating piezometer heads, and in a later work
(Zhou et al., 2012) it was found that superior results are achieved
even when no hydraulic conductivity data are available. Li et al.
(2012) showed that NS-EnKF still outperforms EnKF in case of a
wrong assumption about the prior geostatistical model, but a rea-
sonable estimate of the histogram of the conductivity data is
needed for the model to be successful. Schoniger et al. (2012) indi-
cated that for variables showing complex dependency structures in
space like solute concentration, NS-EnKF might not outperform
classical EnKF. Crestani et al. (2013) corroborated these results
and found that a modified NS-EnKF, with one normal score trans-
formation for all grid nodes (not grid node specific) gave better
results than the original NS-EnKF.

In this work, as a synthetic reality a non-MultiGaussian distri-
bution of riverbed hydraulic conductivities is assumed. Note that
previous studies considered riverbed heterogeneities as Gaussian
distributed patterns. However, as motivated before, in the real
world non-Gaussian riverbed properties are expected to be com-
mon. Given this non-Gaussian distribution, we want to analyse
the impact of the adopted geostatistical model (either the Mul-
tiGaussian one or a non-MultiGaussian distribution) on the identi-
fication of model states, parameters and fluxes that characterise
the river-aquifer interaction. How significant are the inaccuracies
introduced if we impose a MultiGaussian distribution of riverbed
properties when in reality properties are non-MultiGaussian? This

work aims at analysing how well data assimilation methods like
the EnKF or the NS-EnKF can inversely condition these riverbed
conductivities, and whether the NS-EnKF outperforms the more
classical EnKF for non-MultiGaussian distributions. The non-
MultiGaussian fields of riverbed hydraulic conductivities are mod-
elled with multiple-point geostatistical methods. In summary, this
paper investigates: (i) how important it is to represent non-
MultiGaussian distributions of riverbed hydraulic conductivities
in the model (comparison with MultiGaussian assumption and an
alternative erroneous non-MultiGaussian assumption), and (ii)
whether NS-EnKF can outperform classical EnKF for the character-
isation of non-MultiGaussian riverbeds under the non-
MultiGaussian assumption. For the first objective, experiments
with three different geostatistical models for riverbed characteri-
sation were made: a non-MultiGaussian model exhibiting chan-
nels, a non-MultiGaussian model with the same bimodal
histogram but without channels and a MultiGaussian model with
the same mean and variance as the non-MultiGaussian models.
Next, EnKF experiments were performed for the three geostatisti-
cal models by assimilating hydraulic heads with update of both
states and parameters. Additionally, NS-EnKF was implemented
for the two non-MultiGaussian models to evaluate the perfor-
mance of normal score transformation. A series of numerical
experiments are carried out with a three-dimensional synthetic
river-aquifer model for different scenarios. The performance of
EnKF/NS-EnKF is evaluated in terms of its ability to predict the
hydraulic heads, reproduce the riverbed hydraulic conductivity
fields and estimate the exchange fluxes between river and aquifer.

2. Methods and materials
2.1. Flow equations

The governing continuity hydraulic equation for a 3D unsatu-
rated-saturated groundwater flow problem in a river-aquifer sys-
tem is given by (Bear, 1979):

g(p TlSW) =V pwkkrw(sw)

o (VP pugV2)|

where t is time (T), p,, is density of water (M L=3), n is porosity, S,, is
saturation, k is permeability (L?), k., is relative permeability, i, is
dynamic viscosity (ML~ T~1), p,, is pressure (M L™ T~2), g is grav-
itational acceleration (L T~2), z is the elevation above sea (L), q are
sources and sinks (M L3 T~1).

The software SPRING (Delta h Ingenieugesellschaft mbH, 2006)
is used to solve the 3D unsaturated-saturated groundwater flow
problem in a river-aquifer system with help of the finite element
method, using regular rectangles in the simulation studies pre-
sented in this paper.

Boundary conditions used to solve this equation include fixed
pressure (potential) heads and river stages. The river stages influ-
ence the vertical exchange fluxes Q between river and aquifer
(L3T~1). Q is considered as a third type boundary condition for
solving the flow equation and is implemented in SPRING by

Q = O(A(hm/er - hgw)

where « is leakage coefficient (T~'), A is the area of the river bed
where exchange fluxes occur (L2), hyver is the river stage (L), and
hgw is the groundwater level (L). For unsaturated flow, relationships
between pressure heads and saturation and k;,, were based on Van
Genuchten equations (van Genuchten, 1980).
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2.2. Normal score Ensemble Kalman Filter

The basic equations of EnKF and their application for identifying

river bed conductivities are provided and discussed by Kurtz et al.
(2012). Zhou et al. (2011) suggested the NS-EnKF scheme for
updating states and parameters (piezometric heads and log-
hydraulic conductivities). Here, we present the NS-EnKF in terms
of the joint updating of piezometric heads and riverbed hydraulic
conductivities (expressed as leakage coefficients (o)) with help of

ass
act

imilation of piezometric heads to simulate river-aquifer inter-
ions. The main steps and equations for NS-EnKF are summarised

as follows:

1.

Generation of initial ensemble. In our work, non-MultiGaussian
distributed parameter fields are generated using the direct sam-
pling algorithm (Mariethoz et al., 2010), a multiple-point geo-
statistical simulation technique (Caers and Zhang, 2004;
Zhang, 2008). Both non-MultiGaussian fields with channels
and non-MultiGaussian fields without channels are generated
by the direct sampling algorithm. MultiGaussian distributed
parameter fields are generated using a sequential MultiGaus-
sian simulation technique (Gomez-Hernandez and Journel,
1993).

. Forecast of state vectors. In this step, the states at the current

time step are estimated from the previous time step by the
transient flow model. The stochastic realisations of logio(a),
together with other input information, are used here as input
to solve the 3-D river-aquifer flow problem with the software
SPRING. The calculated piezometric heads are denominated
“forecasted heads” in order to distinguish them from the
updated heads after data assimilation. For each of the realisa-
tions, the prediction equation is given by:

he; = M(he 1, P15, Ge 1)

where h is the state vector (here the simulated piezometric
heads), p are the model parameters, q is the vector with model
forcings, M is the simulation model (the river-aquifer model in
this work, see Section 2.1), t is the time step counter and i is
the realisation number. The length of the h vector is equal to
the number of model nodes.

. Normal-Score transformation. This is only done for certain sim-

ulation scenarios (see Section 3.4). The ensemble of state vector
forecasts and leakage coefficient fields provides the basis for the
normal-score transform of heads and leakage coefficients. At
each location and time step a probability density function of
hydraulic heads and leakage coefficients can be constructed.
In addition, both simulated piezometric heads and leakage coef-
ficients are transformed by creating anamorphosis functions for
each variable independently, at all grid cell locations and all
time steps. The anamorphosis function we use here is an esti-
mator from Johnson and Wichern (2002):

y =G [F(x)]
- 0.
SRELL

where X is the original vector, F is the empirical cumulative dis-
tribution function (CDF), G is theoretical standard normal CDF, j
is the rank of x and N is the sample size. Therefore, the trans-
formed piezometric heads and transformed log;o(o) can be writ-
ten as:

h:gans _ G—l |:jhri N05:|

1 [ogag () — 05
l0gyo(oF™) = G [ e 1N

where « is leakage coefficient and the superscript trans indicates
the variable after transformation.

. Updating. In this step simulated heads, possibly transformed,

from the model are compared with measurements, which are
also transformed in case the simulated heads are transformed.
The measurement equation given below shows how the mea-
surements at observation locations are related to the, possibly
transformed, simulated heads vector:
2 = HR™

where H is the measurement operator with dimension of Nyps -
x Npodes. consisting of 0 and 1, as it is assumed that the observa-
tions are exactly located at the grid nodes. The original
measurements are perturbed with a series of normally dis-
tributed measurement errors. These measurement errors are
defined a priori on the basis of expert knowledge:

Vii = Ve + &

where y,; is the perturbed measurement vector, y; is the vector
with the measurements at the current time step and &; is the
vector containing random errors. If the perturbed measurements
are transformed, this is done using the same anamorphosis func-
tion as for the simulated heads at that location. It is necessary to
interpolate transformed heads or leakage coefficients along the
anamorphosis function, since most measurements will not
correspond exactly with one of the points that define the
anamorphosis function and some may be outside the range.
The linear spline is selected here for interpolation, as it has
been proven to be a stable and reasonable choice when the
ensemble size is large enough (N>200) (Schoniger et al.,
2012). The mean slope of the anamorphosis function was esti-
mated and used for extrapolation, which was found to be a
stable solution. The transformed perturbed measurements can
be written as:

V™ = ¢ (Ves)

where ¢(-) is the anamorphosis function created based on the
simulated heads and the interpolation/extrapolation. Next, the
Kalman gain K is calculated as:

K=CH (HCH" + R)

where C is the covariance matrix of the, possibly transformed,
states and parameters and R is the covariance matrix of, possibly
transformed, measurement errors. The structure of C for the
example of transformed states and variables is as follows:

C - chtrans htrans chtrans Jlog atrans
ClOg gtrans .hl'rans Clog atrans |og gtrans
The analysis equation updates the transformed, simulated
heads (and transformed logo(®)) accounting for the
observations:

5= X+ aK (yeE - HhEE™)

.1
where X{}* is the updated augmented state vector, X" is the
simulated vector, and a is the damping factor which acts only
on the parameter updates, with a value between 0 and 1. The
vector X contains also the transformed variables and
parameters:
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htrans

< (logyg (“))mns )

It should be noticed that it is also possible to transform only the

heads or only logo() or none of the two. In the latter case the
updating equation reduces to the standard EnKF-method for
joint updating of states and parameters.

. Back transformation if transformation was done at step 3. The
updated heads (and logo()) are back transformed after data
assimilation using the inverse anamorphosis functions. For this
step, the original anamorphosis functions are used but now in
general interpolation/extrapolation is needed. After finishing
this step, the algorithm returns to step 2.

3. Synthetic experiments
3.1. Model setup

We carried out numerical experiments for a simplified synthetic
three-dimensional river-aquifer model with a domain size of
500 m x 250 m x 10 m, see Fig. 1. The model is discretized into
125,000 grid cells at a spatial resolution of 10 m x 10 m x 0.1 m.
For two reasons a high vertical model resolution was chosen. The
first reason is the improved representation of vertical variations
in saturation. The second reason is the improvement of numerical
stability. The simulation period of one year is discretized into 365
time steps. A river is conceptualised into eight lines of river nodes
(408 nodes totally), which are situated in the top layer of the
domain and are in fact nodes which represent the riverbed-aquifer
interface, connected to the river. The river nodes are situated in the
middle of the simulation domain. We assume that the aquifer is
homogeneous and only the river bed is spatially heterogeneous.
The aquifer has a log-transformed hydraulic conductivity of
—3logio m/s. The initial river stage at the western boundary is
410 m and decreases to the eastern boundary with a slope of
0.01. The model forcing data for this synthetic model are transient
river stages calibrated from real world discharge data of river Sihl
which are taken from Kurtz et al. (2014). See Fig. 2 (left) for further
details. Otherwise, both western and eastern boundaries are
impermeable. Northern and southern boundaries are assigned pre-
scribed heads with a yearly cycle whose values are given by a
phase shifted sine function with an amplitude of 1 m (see Fig. 2
(right)). Along the northern and southern boundaries, time depen-
dent fixed heads are spatially homogeneous. A model spin-up of
50 days, using average hydrologic conditions, is made for both
the reference runs and all other ensemble runs so that model states
and parameters are in dynamic equilibrium and the values for the
initial states are meaningful. The final simulated heads from the
spin-up period were used as initial heads for the forward model
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run. This model set-up results in infiltration of river water into
the aquifer in the western part of the model domain during most
of the simulation period, whereas the opposite occurs most of
the time in the eastern part of the simulation domain. Partially sat-
urated conditions below the riverbed prevail in the eastern part of
the domain. At 30 observation points piezometric head is moni-
tored (ten measurements directly below the riverbed, for the
uppermost model layer and others north and south of the river,
also for the uppermost model layer) and no observations are avail-
able for constraining parameters (K and o). See also Fig. 1 for the
position of the measurement locations. Fig. 2 provides a summary
of the model dynamics and boundary conditions for both the refer-
ence runs and data assimilation runs. The temporal pattern of river
stage variation is the same for each river node, but the absolute
values of the river stage vary across the river nodes. Hydraulic
parameters according to van Genuchten were employed for char-
acterising flow under unsaturated conditions, using three different
parameter combinations as provided by the software SPRING (for
further details of the parameter values see Kurtz et al., 2013).

3.2. Multiple reference runs

For the synthetic experiment in total ten different reference
fields of riverbed hydraulic conductivities were defined. The per-
formance of different prior geostatistical models (see Section 3.3)
was evaluated for each of the ten reference fields. Ten reference
fields were generated instead of one reference field because results
can be quite influenced by the specific features generated in the
reference field (e.g., Schoniger et al., 2012).

For the generation of the ten non-MultiGaussian reference
fields with channels, a training image is generated by SGeMS
(Remy et al., 2009), which reflects the channelised structures, see
Fig. 3. The training image is composed of two different facies,
and the fraction of highly permeable facies (in red) is set to 0.4.
In the training image, the channels correspond to sand and the
background represents low permeable materials like clay. The
direct sampling method (Mariethoz et al., 2010) is used as a
multiple-point geostatistical simulation technique to generate
the patterns for the non-MultiGaussian references with channels.
In order to complete the generation of the non-MultiGaussian ref-
erence fields, the two facies were independently populated with
log transformed leakage coefficient values generated by sequential
Gaussian simulation using the GCOSIM3D code (Gomez-
Hernandez and Journel, 1993). Table 1 gives the geostatistical
parameters for generating the MultiGaussian patterns within each
of the facies of the non-MultiGaussian models. A spherical vari-
ogram model was adopted in all cases. The mean logo(«) of the
riverbed channels was three orders of magnitude larger than the
little permeable parts of the riverbed.

150

Y [m]

100

50

river node
+ observation point

200
X [m]

300

400

Fig. 1. Setup of the synthetic 3D model including the observation points and the nodes which are located below the river (in blue). Node number 460 is also indicated as a
reference for Fig. 2. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 2. Model dynamics and boundary conditions. (Left) temporal evolution of river stages at node = 460; (right) temporal evolution of fixed heads along northern and

southern boundaries.
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I sand

clay
0 1000
East [m]

Fig. 3. The training image used for the generation of the ten non-MultiGaussian
reference fields with channels.

The resulting reference log;o(o) fields are shown in Fig. 4. Each
reference field shows a pronounced bimodality with distributed
connected channels (one example of the histograms for these ref-
erence fields is given in Fig. 5). Forward model runs are made for
the ten reference fields for a simulation period of 365 days and
the calculated heads serve to collect synthetic hydraulic head
observations at 30 observation points. These synthetic data are
assimilated on a daily basis in the data assimilation experiments.
Piezometric head measurements are unbiased with a standard
deviation of 0.05 m. No (riverbed) hydraulic conductivity data are
available as direct data in the experiments.

3.3. Three geostatistical models for generation of riverbed
heterogeneities

Three different a priori geostatistical models (used in data
assimilation with EnKF) were used to investigate the role of pat-
terns of riverbed heterogeneities:

Table 1

Variogram parameters used to generate stochastic realisations of log;o() for each of
the two facies in the non-MultiGaussian reference fields with channels. Background
represents the material between the highly permeable channels/ellipsoidal struc-
tures. The same parameters were used to generate stochastic realisations for the non-
MultiGaussian model with channels and the non-MultiGaussian model with
ellipsoidal structures. The geostatistical parameters for creating stochastic realisa-
tions for the MultiGaussian model are also given.

Facies Variogram Mean Range Sill
type (logio(m/s)) (m)* (logio(m/s))
Channel Spherical -2.0 100 0.5
(ellipsoidal)
Background Spherical -5.0 100 0.5
MultiGaussian Spherical -3.8 100 2.7

2 In all directions (x, y and z).

(i) Non-MultiGaussian distributed riverbed properties with
connected channels (same geostatistical model as
reference).

(ii) Non-MultiGaussian distributed riverbed properties with the
same bimodal distribution of log;o() as in (i), but with ellip-
soidal instead of channelised structures.

(iii) MultiGaussian distributed riverbed properties.

Notice that the only difference between (i) and (ii) is the spatial
organisation of the riverbed hydraulic conductivities, the main dif-
ference being the spatial continuity, which is much higher for the
channelised structures than for the ellipsoidal structures.

Table 1 provides also the basic statistics used to generate the
stochastic realisations for each of the geostatistical models. Fig. 5
shows the log-conductivity histograms for the three geostatistical
models.

Stochastic realisations for the two non-MultiGaussian models
are generated with help of two training images created by SGeMS
(Remy et al., 2009). The training image for the non-MultiGaussian
model with channels is the same as detailed in Section 3.2, and the
training image for the non-MultiGaussian model with ellipsoidal
structures is shown in Fig. 6. This last training image is composed
of two different facies, again with a proportion of 0.4 for the highly
permeable facies to make the two training images comparable for
geostatistical simulation. The direct sampling method (Mariethoz
et al., 2010) is also used to generate facies distributed patterns
for the two non-MultiGaussian models.

Stochastic realisations for the two non-MultiGaussian models
are completed by populating the two facies independently with
log-transformed leakage coefficient values. These leakage values
are generated by sequential Gaussian simulation using the
GCOSIM3D code (Gomez-Hernandez and Journel, 1993), see
Fig. 6. Table 1 gives the geostatistical parameters for generating
the MultiGaussian patterns within each of the facies of the non-
MultiGaussian models.

The MultiGaussian stochastic realisations of log;o(o) are gener-
ated using GCOSIM3D with the same arithmetic mean and variance
as for the non-MultiGaussian models. Fig. 7 provides examples of
generated stochastic realisations of riverbed hydraulic conductiv-
ity fields, which are later used as initial ensembles of logo(c).
Table 1 gives the geostatistical parameters used for defining the
MultiGaussian random model. The variance of the riverbed
logio(a) for the MultiGaussian case was selected in order to get a
variance which is similar to the overall variance of the
non-MultiGaussian case.

3.4. Data assimilation experiments

Simulations were performed with 200 stochastic realisations of
leakage coefficients for eight scenarios and for each of the ten
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bottom left). The bottom right shows an example of a histogram for a true reference field (reference field number 1).

(

A detailed description of different scenarios is given in Table 2.
As indicated before, three different geostatistical models were

reference fields. The number of stochastic realisations was limited

to 200 given restrictions on CPU-time. The stochastic realisations

evaluated and for each of these models open loop simulations were

generated according to the three geostatistical models are the

performed (scenarios 1, 4 and 7). For each of the geostatistical
models also joint updating of hydraulic heads and leakage coeffi-

starting point for conditioning to hydraulic head data with help
of data assimilation methods. Piezometric heads and leakage coef-
ficients are updated with assimilation of piezometric heads. A

damping factor a of 0.1 (Section 2.2

cients with EnKF was evaluated (scenarios 2, 5 and 8). In addition,

for the non-MultiGaussian models this updating was also evalu-

EnKF

is used in the EnKF/NS

)

ated with NS-EnKF (instead of EnKF), these are the scenarios 3

and 6.

scheme. For comparison purpose, unconditional (open loop) simu-
lations are performed with exactly the same model settings.
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Fig. 6. Training images used to generate an ensemble of log;o(o) realisations for
non-MultiGaussian models with ellipsoidal structures (upper). The training image
is squared and deviates from the rectangular riverbed as the training image serves
as a database for geological structures, from which samples are taken. An example
is provided of a stochastic realisation generated from the training image with
channelised structures. First, a binary pattern of facies is generated with the direct
sampling method (middle). Second, within each facies MultiGaussian distributed
values are generated with GCOSIM3d (bottom).
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3.5. Performance assessment

Performance evaluation measure is the root mean square error
(RMSE) of model states (simulated heads), model parameters
(logqo()) and leakage fluxes (Q) to quantify the difference between
model predictions and reference values:

1 Ny Nt Nrodes i T 2
RMSE(X) = \/NrNeres DDA DA Dl (xfft,’”r - Xﬁﬂ)

where N, is the number of realisations, N, is the number of time
steps, Npoges i the total number of model nodes over the complete
domain, the superscripts sim and ref refer to the model predictions
at a certain time step before data assimilation and the reference val-
ues at the same time step, respectively. We calculated RMSE also for
individual time steps:

1 Ny Nnodes i ref 2
RMSE(X, t) = \/ NN Dr1 Dt (xin - xi2,)

80
E

North

East [m]

RMSE measures how close model predictions are to the true value
over the complete model domain. We also calculated the relative
error for evaluation, as it expresses the improvement compared to
the open loop simulation.

RMSEscenaﬁo (X)

R(X) = o———scenario %),
( ) RMSEopenloop (X)

4. Results and discussion

The different scenarios described previously were analysed. The
errors for simulated heads, updated log;o() and estimated leakage
fluxes calculated according to these different scenarios (Table 2)
averaged over ten references are summarised in Table 3.

4.1. Influence of river bed patterns

This subsection centres on the impact of adopting a wrong geo-
statistical model for the spatial distribution of riverbed hydraulic
conductivities and results are compared with the case that the cor-
rect model assumption was used. In particular, it is investigated
whether the specific spatial pattern of log;o(a) matters; non-
MultiGaussian simulations with connected channels and discon-
nected ellipsoidal clusters are compared.

First, results are compared for a non-MultiGaussian model
exhibiting channels, a non-MultiGaussian model with the same
bimodal histogram but without channels and a MultiGaussian
model. The comparison is centred here on the case hydraulic head
data are used to update model states and logo(a), with EnKF (sce-
narios 2, 5 and 8 in Table 3). Errors for these three scenarios (in
terms of RMSE) are smaller than for open loop simulations (sce-
nario 1). For example, the relative improvement for RMSE(h) eval-
uated over all nodes was 27% and 29% for the MultiGaussian and
the channelised scenarios, respectively and even 38% for the non-
MultiGaussian ellipsoidal scenario. Updated logo(c) and leakage
fluxes show less improvement, especially for the MultiGaussian
assumption. The characterisation of log;o() (results for leakage
fluxes in brackets) in terms of RMSE improved 5% (9%) for Mul-
tiGaussian fields, 10% (18%) for non-MultiGaussian fields without
channels and 9% (21%) for non-MultiGaussian with channels. In
general, from Table 3 it can be observed that for non-
MultiGaussian fields with channels the characterisation of leakage
coefficients and fluxes improves more with data assimilation than
for the other geostatistical models which used the wrong model
assumption. However, the differences between the two non-
MultiGaussian models are only small and probably not significant.

The temporal evolution of RMSE for simulated heads for
different scenarios is shown in Fig. 8. At the beginning of the sim-
ulation period, we cannot observe a pronounced benefit from data
assimilation. However, after 100days EnKF improves the
simulation results compared to the open loop run and the

North

East [m]

0
i [Iogm(m/s)]

500

Fig. 7. Examples of stochastic realisations of log;o(2) drawn from the non-MultiGaussian model with channels (upper left), the MultiGaussian model (upper right) and the

non-MultiGaussian model without channels (bottom).



Q. Tang et al./Journal of Hydrology 531 (2015) 111-123

Table 2

119

Definition of the eight simulation scenarios (open loop and five different data assimilation scenarios).

Assumption Scenarios Update h Update o Transform h Transform o
Non-MultiGaussian (channel) 1: open loop X X X X
2: hl Vv Vv X x
3: hi_hl Vv v v v
Non-MultiGaussian (ellipsoidal) 4: ellip_open loop x X X X
5: ellip_hl Vv Vv x X
6: ellip_hl_hl Vv Vv Vv V4
MultiGaussian 7: multi_open loop X X X X
8: multi_hl Vv Vv X x
Vi yes. x: no.
Table 3
Performance measures (standardised, relative errors) for the different scenarios 24
averaged over ten references.
Simulation scenarios RMSEajinodes(h) RMSE () RMSE (Q) > ﬁlpen loop
1: open loop 1.00 1.00 1.00 E multi i
2:hl 0.73 091 0.79 o T
ellip_hl
3: hi_hl 0.72 0.93 0.84 S 22 P-
4: ellip_openloop 1.00 1.00 1.00 3
5: ellip_hl 0.62 0.90 0.82 ©
6: ellip_hl_hl 0.60 0.92 0.85 %
7: multi_openloop 1.00 1.00 1.00 =
8: multi_hl 0.71 0.95 0.91 o

non-MultiGaussian model with channels performs better than the
MultiGaussian model and the non-MultiGaussian model with ellip-
soidal structures, for this specific reference. In general, data assim-
ilation results in an improved characterisation of hydraulic heads
compared to the open loop run, but the differences are not very
large. To analyse the ability of characterisation of riverbed hydrau-
lic conductivities, the temporal evolution of RMSE for updated
logio() is shown in Fig. 9. Fig. 9 illustrates that a non-
MultiGaussian model with channels outperforms the other geosta-
tistical models.

Fig. 10 displays the final updated ensemble mean log;o(«) fields
for the scenarios 2, 5 and 8. After one year of assimilation, the
updated log,o(«) field for the case with channels captures the basic
structures of the reference field, although the absolute magnitude
for the leakage values differs from the reference. For the Mul-
tiGaussian case the updated riverbed patterns are similar to the
initial distribution, and hardly recover the basic patterns of the ref-
erence field from the measurement data.

12 open loop
—hl
multi_hl
10 ——ellip_hl

RMSE of heads [cm]
[e-]

0 100 300

time [day]

Fig. 8. Temporal evolution of RMSE for simulated heads evaluated over all model
nodes and all realisations after each time step (for reference 1). Displayed are the
RMSE for the open loop run and scenarios with different patterns for riverbed
hydraulic conductivities, conditioned on hydraulic head data with EnKF.

200
time [day]

Fig. 9. Temporal evolution of RMSE of updated logio(c), evaluated over all river
nodes and all realisations after each time step (for reference 1). Displayed are open
loop run and scenarios with different riverbed hydraulic conductivity patterns,
conditioned on hydraulic head data with EnKF.

Although EnKF improves the characterisation of riverbed
hydraulic conductivity for the non-MultiGaussian conditions, none
of them could preserve the bimodal histogram.

Fig. 11 shows the boxplot of RMSE of piezometric heads,
updated log;o(o) and leakage fluxes, calculated over ten reference
fields and for different scenarios. Root mean square errors are
lower after data assimilation (compared to open loop simulations).

The comparison of the performance of the three geostatistical
models reveals that best results are obtained with a non-
MultiGaussian model with channels and the non-MultiGaussian
model with ellipsoidal structures. It is not surprising that the
non-MultiGaussian model with channels performs best, as all ten
reference fields were also drawn from this geostatistical model.
Again, it is more remarkable that the other non-MultiGaussian
model performs similar, pointing to the fact that the statistical dis-
tribution of leakage coefficients matters, but not so much the spa-
tial pattern of it. If - erroneously - a MultiGaussian model is
assumed for log(a), results are worse, especially for characterisa-
tion of leakage coefficients and to a lesser extent also for flux char-
acterisation. However, the characterisation of fluxes is not so much
affected as typically is found in groundwater studies (e.g., Gomez-
Hernandez and Wen, 1998; Zinn and Harvey, 2003). For example,
synthetic experiments on groundwater flow and transport of
solutes in groundwater revealed that breakthrough of contami-
nants can be much faster in time when channels are present, com-
pared to the MultiGaussian case (e.g., Wen and Gomez-Hernandez,
1998). In addition, it was found that inverse modelling with an
erroneous MultiGaussian assumption for a non-MultiGaussian
aquifer is not able to delineate channels or improve transport pre-
dictions significantly, stressing the importance of the correct adop-
tion of the geostatistical model for the aquifer (Kerrou et al., 2008).
This might indicate that non-MultiGaussian riverbed patterns
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Fig. 11. Boxplot over ten references for (upper left) simulated heads, (upper right) updated log;o(2) and (bottom) estimated leakage fluxes over all model (river) nodes, all
realisations and all time steps for scenarios starting with different riverbed hydraulic conductivity patterns.

matter less for flow characterisation than non-MultiGaussian aqui-
fer patterns. This is most probably related to the vertical water
fluxes through the riverbed, so that horizontally oriented channels
have less influence on the flow, whereas in aquifers flow is pre-
dominantly horizontal and controlled by channels.

It was assumed in this study that geostatistical parameters
which describe spatial heterogeneity of riverbed hydraulic conduc-
tivities within the facies are perfectly known. In reality these
parameters are (very) uncertain as well. It is expected that this
assumption has not a major impact on the outcomes of this study.
For the case that a MultiGaussian assumption was adopted, assum-
ing correlation structures which deviate strongly from the non-
MultiGaussian reference, the performance was not much worse
than for the case with the correct, non-MultiGaussian assumption.
It is expected that a minor mistake in the correlation structure
within facies would have a smaller impact. For the same reasons,
it is expected that a mistake in the training image would also have
a more limited impact in this study. Uncertainty of the training
image was not studied in this paper, but first studies have been
published where uncertainty of the training image was considered
(e.g., Khodabakhshi and Jafarpour, 2013).

4.2. Performance of NS-EnKF (EnKF versus NS-EnKF)

Results presented in Section 4.1 were generated by data assim-
ilation using the classical Ensemble Kalman Filter. EnKF is subopti-
mal for non-MultiGaussian distributions and therefore NS-EnKF
was tested as an alternative data assimilation procedure. The
results obtained with EnKF (Section 4.1) showed that the bimodal
distribution of log;o(a) could not be captured even although some
of the simulations with EnKF started from a bimodal distribution.

Normal score transformation of both hydraulic heads and
logo(a) was done in the simulation scenarios 3 and 6, which will
be compared with the simulation scenarios 2 and 5. For hydraulic
head characterisation, it is indeed found that NS-EnKF gives better
results than classical EnKF, with a 1-2% additional reduction of
RMSE (see Table 3). However, the characterisation of leakage coef-
ficients and leakage fluxes slightly worsens with NS-EnKF (com-
pared to classical EnKF).

Figs. 12 and 13 show the histograms and updated leakage coef-
ficient fields, respectively. These figures illustrate that the transfor-
mation of logo(®) allows preserving the shape of the original
histogram. Additionally, the updated logo(a) fields without
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(bottom) reference field number 1.

channels (but assuming non-MultiGaussian statistics) represent
more realistic riverbed patterns after calibration with NS-EnKF
(compared to EnKF). These results indicate that NS-EnKF is able
to preserve the initial riverbed hydraulic conductivity patterns.
However, these patterns apparently do not yield an improved esti-
mation of the leakage fluxes and leakage coefficients. The boxplots
in Fig. 14 show the statistics over ten references which illustrate
that both for the non-MultiGaussian model with channels and
the non-MultiGaussian model without channels, NS-EnKF is not
able to outperform EnKF. There might be multiple reasons for these
results. First, leakage coefficients and leakage fluxes can only be
improved more than for classical EnKF if the piezometric head data
are able to provide more information about log;o(o) than in the

standard case. However, the sensitivity of head data for identifying
channels is not too high. The results for Section 4.1 already
illustrated that the difference between a MultiGaussian and non-
MultiGaussian prior model in terms of reproduction of leakage coef-
ficients and leakage fluxes was small. This is illustrative for a limited
sensitivity to identify channels. A limitation might be that calcula-
tions are very CPU-intensive and therefore limited to 200 stochastic
realisations. Especially for NS-EnKF it is important to use a high
number of stochastic realisations to determine the anamorphosis
function and therefore results for NS-EnKF could be affected by sam-
pling errors induced by the relatively small number of stochastic
realisations. However, a test for simulations with 500 realisations
gave similar results as for 200 stochastic realisations.
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5. Summary and conclusions

This synthetic study investigated for a riverbed displaying non-
MultiGaussian structures like channels the impact of the adopted
geostatistical model for the inverse characterisation (with Ensem-
ble Kalman Filter (EnKF)) of model states, riverbed properties and
river-aquifer exchange fluxes. For aquifers the correct characteri-
sation of channels has an important impact on flow and transport
predictions. In this study it is found that the reproduction of chan-
nels by multiple-point geostatistical methods results in a better
characterisation of states, parameters and fluxes than a MultiGaus-
sian model, but differences are very small compared to a non-
MultiGaussian model without channels. This can most probably
be explained by the predominant vertical flow through the river-
beds, and the expected horizontal orientation of layers and chan-
nels. The conclusion is that non-MultiGaussian riverbed
properties have less influence on flow behaviour than non-
MultiGaussian hydraulic conductivity distributions in aquifers.
We have reached this conclusion using a model that only simulates
vertical exchange fluxes between the river and the aquifer. The
majority of numerical models (e.g. MODFLOW) are based on a con-
ductance approach, and our analysis suggests that non-
MultiGaussian structures do not improve the predictive value of
a conductance type model. However, the question has again to
be analysed in a 3D, fully coupled model for surface water- ground-
water interaction. Such a complimentary study will provide further
insight to what extent complexity in the geological structure can
improve simulation results for a given model type. It is also
expected that heat and solute transport simulations are more sen-
sitive to non-MultiGaussian patterns of riverbed hydraulic conduc-
tivities than flow simulations alone. This study tested also whether
the Normal-Score Ensemble Kalman Filter was able to give better
inversion results than the classical Ensemble Kalman Filter. This
could be expected, as hydraulic heads and leakage coefficients

did not follow a Gaussian distribution in this study, and Ensemble
Kalman Filter performs optimally for Gaussian distributions only,
whereas NS-EnKF can handle better bimodal distributions as pre-
sent in this case. However, the performance of EnKF and NS-EnKF
was very similar in this study. This can be related to a too limited
sensitivity of piezometric heads to identify channels in the
riverbed.
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