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Riverbed hydraulic conductivity (K) is a critical parameter for the prediction of exchange fluxes between a
river and an aquifer. In this study, the role of heterogeneity patterns was explored using the fully inte-
grated hydrological model HydroGeoSphere simulating complex, variably saturated subsurface flow. A
synthetic 3-D river-aquifer reference model was constructed with a heterogeneous riverbed using non-
multi-Gaussian patterns in the form of meandering channels. Data assimilation was used to test the abil-
ity of different riverbed K patterns to reproduce hydraulic heads, riverbed K and river-aquifer exchange
fluxes. Both fully saturated as well as variably saturated conditions underneath the riverbed were tested.
The data assimilation experiments with the ensemble Kalman filter (EnKF) were carried out for four types
of geostatistical models of riverbed K fields: (i) spatially homogeneous, (ii) heterogeneous with multi-
Gaussian distribution, (iii) heterogeneous with non-multi-Gaussian distribution (channelized structures)
and (iv) heterogeneous with non-multi-Gaussian distribution (elliptic structures). For all data assimila-
tion experiments, state variables and riverbed K were updated by assimilating hydraulic heads. For sat-
urated conditions, heterogeneous geostatistical models allowed a better characterization of net exchange
fluxes than a homogeneous approximation. Among the three heterogeneous models, the performance of
non-multi-Gaussian models was superior to the performance of the multi-Gaussian model, but the two
tested non-multi-Gaussian models showed only small differences in performance from one another. For
the variably saturated conditions both the multi-Gaussian model and the homogeneous model performed
clearly worse than the two non-multi-Gaussian models. The two non-multi-Gaussian models did not
show much difference in performance. This clearly shows that characterizing heterogeneity of riverbed
K is important. Moreover, particularly under variably saturated flow conditions the mean and the vari-
ance of riverbed K do not provide enough information for exchange flux characterization and additional
histogram information of riverbed K provides crucial information for the reproduction of exchange fluxes.

© 2017 Elsevier B.V. All rights reserved.

1. Introduction

the estimation of river-aquifer exchange fluxes is a proper repre-
sentation of riverbed properties, e.g. riverbed hydraulic conductiv-

Quantifying river-aquifer interactions is important for under-
standing flow and transport mechanisms between rivers and aqui-
fers. It is also important for assessing the impact of climate change
on water resources (Goderniaux et al., 2009) and balancing human
water demands and ecosystem base flow maintenance in arid and
semi-arid regions (Zhou et al., 2013). An important requirement for
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ity (K) (Brunner et al., 2017). In early studies, riverbeds were often
not simulated explicitly, or strongly simplified and modeled as
homogeneous layers (e.g. Fox and Durnford, 2003). However, field
measurements and laboratory analysis showed that riverbed prop-
erties can be different from the properties of the underlying aqui-
fer, and that riverbed K can vary over several orders of magnitude
within a single reach (Calver, 2001; Leek et al., 2009). Studies also
indicated a large impact of riverbed heterogeneity on the predic-
tion of river-aquifer exchange fluxes. It is therefore important to
assess the impact of riverbed heterogeneities in numerical flow
models (Kalbus et al., 2009; Irvine et al.,, 2012; Lackey et al.,
2015; Schilling et al.,, 2017). Irvine et al. (2012) found that a
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heterogeneous riverbed could be replaced by a homogeneous
equivalent while maintaining the accuracy of the prediction of
infiltration fluxes in a losing stream system as long as the hydraulic
connectivity between river and aquifer is not different between the
calibration period and the prediction period. Based on the investi-
gations of Irvine et al. (2012), Schilling et al. (2017) developed an
efficient method to rapidly assess the potential for unsaturated
flow conditions to appear in heterogeneous riverbed-
heterogeneous aquifer systems using key statistical variables.
Lackey et al. (2015) compared the estimation of stream depletion
using both homogeneous and heterogeneous riverbed K fields,
which were varying over two orders of magnitude along the
streambed. They found that a homogeneous conceptualization of
the riverbed properties always led to errors in the estimate of
stream depletion.

In several studies the impact of riverbed heterogeneity was
assessed by data assimilation (Hendricks Franssen et al., 2011;
Kurtz et al, 2012; Kurtz et al, 2013; Kurtz et al, 2014).
Hendricks Franssen et al. (2011) successfully estimated spatially
variable leakage coefficients (together with spatially variable aqui-
fer K) with data assimilation for the river-groundwater flow system
in the upper Limmat valley in Switzerland. Kurtz et al. (2013)
explored whether high-resolution characterization of spatially
heterogeneous riverbeds was required in a variably saturated
groundwater system with strong river-aquifer interactions and
found that it is important to represent at least the basic zones of
heterogeneity. Kurtz et al. (2014) also implemented a data assim-
ilation scheme for joint assimilation of groundwater temperature
data and piezometric head data in the Upper Limmat Valley near
Zurich (Switzerland) and tested cases with heterogeneous river-
beds and found that both model states and parameters can be bet-
ter predicted by wupdating aquifer and riverbed hydraulic
parameters. None of those earlier studies accounted for more com-
plicated heterogeneous patterns of riverbed K, such as multimodal
non-Gaussian distributions, which are expected to occur in prac-
tice (Cheng et al., 2011). To fill this gap, we investigated in a previ-
ous study the impact of different simple and complex patterns of
heterogeneous riverbed K on the characterization of hydraulic
heads, riverbed properties, and river-aquifer exchange fluxes
(Tang et al.,, 2015).

1.1. Limitations of previous research

In order to estimate river-aquifer exchange fluxes correctly, it is
important that the selected hydrological model calculates these in
a physically based manner. The majority of numerical groundwater
models (e.g., MODFLOW (McDonald and Harbaugh, 1988), SPRING
(Delta h Ingenieugesellschaft mbH, 2006)) are based on a conduc-
tance approach. The disadvantage of the conductance approaches
is that the non-linear unsaturated flow behavior underneath the
river is usually not taken into account, and lateral flow within
the riverbed is also neglected (Brunner et al., 2010). Our previous
study (Tang et al., 2015) used the model SPRING and was also
based on a conductance approach. Fully-integrated physically-
based surface-subsurface models are increasingly applied to pro-
vide a physically more consistent description of surface water-
groundwater exchange processes. Examples are provided by
VanderKwaak and Sudicky (2000) (InHM), Panday and Huyakorn
(2004) (MODHMS), Kollet and Maxwell (2006) (Parflow),
Camporese et al. (2010) (CATHY), Therrien et al. (2010) and
Brunner and Simmons (2012) (HydroGeoSphere). Such integrated
hydrological models can better capture the dynamics of surface
water-groundwater interactions but require additional input
parameters (e.g. parameters for simulation of surface water flow)
compared to the conductance based approach, where only aquifer
states are calculated.

Only a few data assimilation studies were carried out with fully
coupled surface water-groundwater models. Examples are pro-
vided by Camporese et al. (2009) and Rasmussen et al. (2015),
amongst others. Both groundwater head and stream discharge
observations were used for assimilation in those works and
Rasmussen et al. (2015) also considered the estimation of spatially
homogeneous leakage coefficients. Kurtz et al. (2016) developed a
data assimilation scheme for the terrestrial system modelling plat-
form TerrSysMP (Shrestha et al., 2014). It allows joint updating of
both model states and parameters of the CLM (land surface) and
Parflow (subsurface including overland flow) modules. However,
until now no studies updated heterogeneous riverbeds in fully cou-
pled surface water-groundwater models.

1.2. Contribution of this paper

Tang et al. (2015) used a conductance based model to conclude
that complex non-multi-Gaussian riverbed patterns did not result
in significantly different river-aquifer exchange fluxes compared to
multi-Gaussian riverbed patterns (with the same overall mean riv-
erbed K and variance as the non-multi-Gaussian riverbed). In this
work, we employ a fully coupled surface water-groundwater mod-
els and evaluate the impact of complex heterogeneous patterns of
riverbed K on river-aquifer exchange fluxes. The heterogeneous
patterns of riverbed K are estimated by the ensemble Kalman filter
(Evensen, 1994), a data assimilation approach.

The experiments consist of two different cases. In one case, sat-
urated conditions for the riverbed and the underlying aquifer pre-
vail and full hydraulic connection between the river and aquifer is
thus maintained. In the second case, variably saturated conditions
occur within and underneath the riverbed and, due to the unsatu-
rated conditions the estimation problem becomes non-linear and it
is expected that it will be more challenging to infer river-aquifer
exchanges fluxes and model states and parameters. The role of dif-
ferent riverbed K patterns for this configuration is therefore much
unclearer and results are expected to show more variation. This
will provide further insights to what extent representing the geo-
logical complexity of a riverbed is required for the characterization
of states and fluxes under both fully saturated and variably satu-
rated conditions underneath the riverbed in the river-aquifer sys-
tem. The analysis was made for four different geostatistical
models of riverbed K including non-multi-Gaussian fields with
and without channelized structures, multi-Gaussian fields and
homogeneous fields.

2. Theory and methods

2.1. Coupled surface-subsurface flow simulations with
HydroGeoSphere

If river-aquifer interactions are modelled by the conductance
approach, river stages are needed as a predefined input and are
conceptualized as fixed head dependent boundary conditions in
the river-aquifer model (Knapton, 2009). The river-aquifer
exchange fluxes are then calculated as a linear function of the gra-
dient of hydraulic heads between groundwater and surface water
(Brunner et al., 2010). However, if the groundwater level is low-
ered, an unsaturated zone can develop and once the river and
the aquifer are hydraulically disconnected exchange fluxes are no
longer changing linearly as a function of head differences between
the surface water body and the aquifer (Brunner et al., 2009). Com-
pared to conductance-based models, a fully-coupled surface water-
subsurface flow model allows a dynamic, two-way coupling when
accounting for the river-aquifer interaction. Exchange fluxes are
then calculated in a fully coupled manner. HydroGeoSphere
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(Therrien et al., 2010; Brunner and Simmons, 2012; Aquanty Inc,
2016) is an example of such fully coupled groundwater-surface
water models and used for the work presented in this paper.

In HGS, variably saturated subsurface flow is simulated with the
three-dimensional Richards equation and surface water flow is
solved using a one- or two-dimensional approximation of the Saint
Venant equations. The surface flow and subsurface flow equations
are solved simultaneously for each time step at the interface nodes
in a joint equation system, and complete water balance and solute
budgets are calculated. HGS has successfully been used to simulate
the interactions between groundwater and surface water
(Goderniaux et al., 2009; Partington et al., 2013), further surface
water and groundwater systems interactions with vegetation
(Banks et al., 2011; Schilling et al., 2014), micro-topographic wet-
land runoff (Frei et al., 2010) and also large scale solute transport
(Blessent et al., 2011).

The equation describing unsteady shallow water flow derived
from the two dimensional Saint Venant equations using the diffu-
sive wave approximation is:

8q00h0 _

o =V -doqy — dol'o £ Qq (1)

where t is time [T], @, is the surface flow domain porosity [-], hg is
the water surface elevation [L], dy is the depth of the flow [L] and I'y
is the fluid exchange rate [L*> L~ T~!] between the surface domain
and the subsurface domain, which will be described in detail in the
following paragraph. Qy stands for external sources and sinks [L
T~'], and qq is the fluid flux [L T~'] given by

qo = Ko - kroV(do +Z) (2)

where Kp is surface conductance [L T~!] dependent on the Man-
ning’s equation, k,, is a dimensionless factor varying between 0
and 1, accounting for the additional resistance in horizontal con-
ductance caused by obstruction storage, and z is the elevation above
sea level [L]. If a critical depth (the depth of flow where the specific
energy is at a minimum) boundary condition is applied at the
downstream of the surface flow nodes, stream discharge is calcu-
lated based on the upstream water level and the channel geometry:

Qo= \/2d 3)

where Qy is the discharge, g is gravitational acceleration [L T~2] and
dp is the flow depth.

Richards equation is used for modelling three-dimensional
transient groundwater flow in a variably saturated porous
medium:
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where 6; is the saturated soil water content [-] which is assumed
equal to the porosity ¢ [-], sw is the degree of water saturation [-
], Q are sinks and sources [L> L= T7!], and q is the fluid flux [L
T-!] given by

q=-K-kV()+2) (5)

where k; is relative permeability of the porous medium [-], y is the
pressure head [L], z is the elevation defined in equation (2) and K is
hydraulic conductivity tensor [L T~!] given by

K="%Kk (6)
u

where p is the density of water [M L~3], g is gravitational accelera-
tion [L T~2], u is the viscosity of water [M L~ T-!], and k is the per-
meability tensor of the porous medium [L?]. This equation is solved
using the control volume finite element method. The relationship

between v, 0 and k, is described by the van Genuchten functions
(Van Genuchten, 1980):

0s — 0,
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where 0, is the residual water content [-], « is the inverse of the air
entry pressure head [L™'], and n is the pore size distribution index
[-].

In HGS, two approaches can be used for flow coupling between
subsurface and surface domains. In the first approach, the top layer
of nodes represents both surface and subsurface domains, assuming
that the same heads are assigned to the surface and the uppermost
subsurface nodes. The surface and subsurface flow equations are
solved simultaneously for those surface-subsurface interface nodes.
The second approach uses Darcy’s law for flow relations between the
surface nodes and the first layer of subsurface nodes, with an
assumption that they are separated by a thin layer where the leakage
occurs. A first-order exchange coefficient is introduced and
exchange fluxes are calculated linearly dependent on the pressure
difference between the surface and subsurface domain. A detailed
comparison between the two approaches is given in Liggett et al.
(2012). In both of these approaches subsurface and surface flow
equations are fully coupled. In this work, the second approach
(called the dual node approach) is selected to represent the relation
between surface domain and subsurface domain. Therefore, fluid
exchange rates between groundwater and surface water are given by

kreKzz
doT'o = ——=(h — hy) 9)
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where K, is the vertical saturated hydraulic conductivity of the
underlying porous medium, h is the subsurface water head [L], hy
is the surface water head [L], and L., is the coupling length [L].
The relative permeability term k. for the exchange flux is the same
as the relative permeability of the medium k, in Eq. (5) during the
exfiltration process (water flows from subsurface to surface). When
infiltration (flow from surface to subsurface) occurs, k. is defined as
below:

k. = 20 Sect) when dy < Hy (10)
re 1 when dO > H;

where Sexcn = fTZ, H; is the obstruction height [L].

While the dual node approach follows a similar conceptualiza-
tion as the leakage principle in conductance based models, the rep-
resentation of exchange fluxes between river and aquifer in HGS in
the unsaturated zone is more realistic because it is limited by the
relative permeability. Moreover, if the coupling length [, of the
dual node approach is set to a very small value, the effects of the
dual node approach on simulation results are minimal and results
are comparable to the common node approach, while providing a
higher numerical stability compared to the common node
approach (Liggett et al., 2012).

2.2. Data assimilation with ensemble Kalman filter

Data assimilation allows constraining states and parameters of
numerical flow models by incorporating observations to correct
the model evolution in state space. It is a powerful tool for uncer-
tainty quantification and can also be used to estimate unknown
riverbed K. In the present study, the ensemble Kalman filter (EnKF)
(Evensen, 1994) is used as the data assimilation technique for
simultaneously updating state variables and parameters of the
integrated hydrological model HGS. In EnKF, model uncertainties
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are taken into account by using multiple realizations of input files
for initial conditions, forcing functions and parameters. The corre-
sponding predicted state vectors, called ensemble members or
stochastic realizations, are used to represent the statistical distri-
bution of the system state. The data assimilation procedure of this
study can be described by the following steps:

1) For each realization of riverbed K generated according to
section 3.3, the model states at the current time step are
forecasted using the solution from the previous time step
as initial condition with HGS:

hyy =M 1;p, 19 1;) (11)

where h is the state vector, p a vector with the model parameters, q
a vector with model forcings, M the numerical flow model (HGS in
this study), t the time step counter and i the realization number.

2) After every time step of the simulation, EnKF is applied to
update both model states and parameters according to:

X% = x/; + 0G(y,; — Hhy;) (12)

where x{; is the updated augmented state vector (analysis) contain-

ing both states (hydraulic heads) and parameters (log;o(K)), xth. is
the forecasted equivalent, o is a damping factor used only for the
parameter update which can take values between 0 and 1, G is
the Kalman gain, and y,; is a vector with perturbed measurements.
According to Burgers et al. (1998), measurements need to be per-
turbed to account for the measurement uncertainty in order to
guarantee the correct estimation of the posterior variance of the
updated ensemble with EnKF, which can be written as:

Vei =Y+ & (13)

where y, is a vector with the original measurements at time step ¢,
and ¢&;; is a vector with normally distributed measurement errors
with zero mean and specified variance accounting for the measure-
ment uncertainty.

The Kalman gain G, which determines the weight assigned to
the model simulation on the one hand and the measurements on
the other hand, is given by

G—CH'(HCH +R) (14)

where H is the measurement operator which maps the simulated
results on the observation locations, R is the measurement error
covariance matrix, and C is the covariance matrix with covariances
between states, between states and parameters, and between
parameters according to:

C:< Chn Chlogyo ) ) (15)
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Once the updating step (step (2)) is finished, the updated states
and parameters are used as inputs for the simulation of the next
time step, the algorithm returns to step (1), and the procedure is
repeated until the end of the simulation. The coupling of EnKF
and HGS is described in Kurtz et al. (2017).

3. Synthetic flow modeling experiments
3.1. Overview

To investigate the importance of riverbed K patterns for river-
aquifer interactions, simulations with complex, non-multi-
Gaussian reference riverbed K fields are compared to simulations
with multiple geostatistical models for riverbed K. The model sim-

ulation period is two years in total. Data assimilation experiments
were performed in the first year, and the second year served as a
verification period. Before the data assimilation runs, a spin up
run of one year with the same transient model forcings as for the
data assimilation experiments was carried out. The modeling
experiments consist of the following steps:

1) Ten reference riverbed K fields are generated, and the corre-
sponding river-aquifer interactions are simulated for a two
year period with HGS. The first year is considered as assim-
ilation period and second year as verification period. The riv-
erbed K fields, the simulated hydraulic heads and the
simulated (net) exchange fluxes serve as the ‘truth’.

2) A large number of initial riverbed K fields are generated for
each of the different geostatistical models, using geostatisti-
cal simulation algorithms.

3) Data assimilation experiments are carried out for a one year
period for each of the four geostatistical models, using the
initial riverbed K fields as input. The updated riverbed K
fields and the simulated heads and fluxes are subsequently
evaluated against the reference fields.

4) The estimated fields of riverbed K parameters are used as
input for verification experiments for the following one year
period with different hydrological conditions and without
data assimilation, for each of the four geostatistical models.
The simulated heads and fluxes are then evaluated against
the reference fields.

3.2. Three dimensional river-aquifer model setup

3.2.1. Model domain

In this study, a three-dimensional synthetic river-aquifer model
is simulated. The subsurface domain (i.e., the aquifer) has a spatial
extent of 500 m x 250 m x 10.5 m, while the surface domain (i.e.,
the river) is defined as a channel centered on top of the aquifer,
with spatial dimensions of 500 m x 80 m x 0.5 m. Both the surface
and subsurface domain are discretized by 3 D-blocks of size
10 m x 10 m x 0.1 m resulting in a grid of 131,250 cells in total.
The numerical model is outlined in Fig. 1. The model is inclined
along the x-direction with a slope of 0.01 m/m. The riverbed
(including the riverbanks) is conceptualized by a rectangular
cross-section with eight rows of elements. This constrains the sur-
face water to flow within the channel.

3.2.2. Twin cases set up: saturated vs. variably saturated

The importance of riverbed K patterns for river-aquifer interac-
tions is evaluated for two cases using the same model domain but
different states of connection between the river and the aquifer.
The ‘saturated’ case indicates that in the simulated model, riverbed
and the subsurface below the riverbed are fully saturated and the
river and the aquifer are hydraulically connected. Alternatively, the
‘variably saturated’ case refers to the model which is partially
unsaturated under the river and the system is either fully hydrauli-
cally disconnected (i.e., an unsaturated zone is present under the
entire streambed) or in a transitional state with partly saturated
and unsaturated conditions. This variably saturated case is
obtained by adjusting the ratio of K in the aquifer and riverbed
according to Brunner et al. (2009), where, in order for an unsatu-
rated zone to occur, the following equation needs to hold true:

K. he
B

K, " h.+d
where K. refers to the K of the riverbed, Kj is the K of the aquifer, h,
is the thickness of the riverbed, and d is the ponded water depth.

As an example, the saturation map of the variably saturated
case for the reference riverbed K field No. 6 is displayed in Fig. 2.

(16)
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Fig. 1. The synthetic 3-D river-aquifer model domain with locations of synthetic hydraulic head observations (red solid points). (For interpretation of the references to colour

in this figure legend, the reader is referred to the web version of this article.)

| TopDown view Kriverbed

Y 4

Saturation Profile (saturated area)

X
Y
z
X
log10Kzz
1 -
0 saturation
-1 Il saturated
-2
-3 unsaturated
4 - @ @
-5
-6

Fig. 2. 2-D view of the log;o (K) map (top row) and connectivity conditions under the river (bottom row) for the reference K field No. 6 of the variably saturated case.
Displayed is the initial condition of the assimilation period. The log;, (K) field is colored according to the magnitude of K, and the saturated regions underneath the river are
shown in blue. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

3.2.3. Model parameterization

The aquifer and riverbed are conceptualized as gravel-sand
material; van Genuchten parameters for aquifer and riverbed are
«=3.48m! and n=1.75, according to Li et al. (2008). Specific
storage is set to 1074 m~! and porosity is 0.25. The coupling length
is set to a very small value of 10~ m for calculating the exchange
fluxes between the surface and the subsurface domain. Like in the

study of Tang et al. (2015), the aquifer is homogeneous with a
hydraulic conductivity value of 107> m/s and only riverbeds are
heterogeneous. For the saturated flow case the geometrical mean
value of K riverbed is equal to -6 log;o m/s. Under this condition,
the aquifer underneath the riverbed is saturated and the relation-
ship between exchange fluxes and head difference from surface
water to groundwater is approximately linear. For the variably
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saturated case, the geometrical mean value of riverbed K was low-
ered by two magnitudes.

3.2.4. Boundary conditions

Surface water flow is generated through transient fixed head
boundary conditions defined for the upstream nodes along the
river cross-section (x =0, y=80-160). A critical depth boundary
condition is defined at the downstream part (x=500, y=_80-
160). In the subsurface domain, transient prescribed head bound-
ary conditions are defined for the two planes y=0 and y = 250.
No flow boundaries are applied to the aquifer nodes along x=0
and x =500. Fig. 3 summarizes the boundary conditions used for
the saturated and the variably saturated cases over the complete
simulation period. For each of the two cases, the same transient
boundary conditions are used for the spin-up runs and the assim-
ilation experiments. For the saturated case, in the assimilation per-
iod the transient fixed heads defining the inflow at the river inlet
are taken from Kurtz et al. (2014). Transient prescribed heads for
the subsurface domain are set between z = 404.5 m and 405.5 m.
In the verification period, lower prescribed head boundary values
are used for the subsurface domain, but otherwise the setup is sim-
ilar to the assimilation period. For the variably saturated case, in
the assimilation period, river stages are the same as for the satu-
rated case and prescribed heads in the subsurface domain are
5 m lower than for the saturated case. The verification period for
the variably saturated case has the same subsurface prescribed
heads as the assimilation period but river stages have much larger
fluctuations than in the assimilation period.

3.3. Hydraulic conductivity fields

3.3.1. Reference riverbed K

A non-multi-Gaussian riverbed K field with channelized struc-
tures was used as the reference riverbed K. For this purpose, a
training image reflecting channelized structures is generated using
the software SGeMS (Remy et al., 2009), see Fig. 4(a). The training
image consists of two facies: channels occupy a proportion of 0.4 of
the whole image, and the rest symbolizes background material.
The two facies represent two materials with high and low perme-
ability (e.g. sand and clay). In order to avoid random effects in the
results of statistical analysis, which might be induced if only one
particular reference field is used, ten different K reference fields
are generated. The ten realizations of facies distributions are gen-
erated using the direct sampling method (Mariethoz et al., 2010).
Within each facies, log;o(K) values are generated independently
by sequential multi-Gaussian simulation using GCOSIM3D
(Gémez-Hernandez and Journel, 1993). The corresponding geosta-
tistical parameters are provided in Table 1.

3.3.2. Initial riverbed K used for the data assimilation experiments

As outlined in section 3.1, four different geostatistical models
were used to generate initial riverbed K fields for the assimilation
experiments: (1) non-multi-Gaussian distributed fields with chan-
nelized structures, (2) non-multi-Gaussian fields with elliptic
structures, (3) multi-Gaussian fields and (4) homogeneous fields.
As for the reference K fields, non-multi-Gaussian fields are simu-
lated with the direct sampling method. The multi-Gaussian fields
are generated by sequential multi-Gaussian simulation.

The two types of non-multi-Gaussian heterogeneous K fields are
generated as follows:

1) Two training images (for each of the two types of non-multi-
Gaussian fields independently, see Fig. 4) are generated by
SGeMS. The training image for the non-multi-Gaussian
model with channelized structures is the same as used for

the generation of the ten reference fields. Each of the two
training images is composed of two different facies with a
proportion of 0.4 for channels/ellipses.

2) In total 200 stochastic realizations of the spatial distribution
of facies are generated with help of the direct sampling
method, using the training images from step 1).

3) Each facies is independently populated with multi-Gaussian
distributed log;o (K) values, using the sequential Gaussian
simulation technique. The geostatistical parameters used
for defining the variograms for each facies are given in
Table 1.

For the multi-Gaussian heterogeneous K fields, a similar mean
and variance of riverbed log;o (K) are used as for the non-multi-
Gaussian random fields by sequential multi-Gaussian simulation.
The mean and variance for the multi-Gaussian random fields is cal-
culated from the mean and variance of each of the two facies of the
non-multi-Gaussian fields, using the geometric mean. A more
detailed description of the generation technique of non-multi-
Gaussian and multi-Gaussian riverbed fields is given in Tang
et al. (2015).

The stochastic realizations of log,¢(K) values for the equivalent
homogeneous case are generated by taking the geometric mean of
each of the 200 random fields for the non-multi-Gaussian case
with channelized structures. Fig. 5 shows examples of stochastic
realizations of riverbed K for each of the four geostatistical models.
Fig. 6 displays the histograms of riverbed K, calculated over all 200
stochastic realizations for each of the three geostatistical models
with heterogeneous K. The figure illustrates that the histogram is
bimodal for the two non-multi-Gaussian cases, but Gaussian for
the multi-Gaussian case.

3.4. Modelling strategy

3.4.1. Spin-up run

The spin-up process includes two parts: first a quasi-steady
state simulation that runs for 10,000 days with constant boundary
conditions corresponding to the forcings of the first time step of
the assimilation period, followed by an additional one year exit
spin-up run with the 200 stochastic realizations of riverbed K
fields, using the same transient boundary conditions as for the
assimilation experiments. The one year quasi-steady state simula-
tion departs from dry initial conditions. The following one year exit
spin-up runs are made for each of the four geostatistical models
and two cases (fully saturated and variably saturated) and result
in different initial heads for each of the different realizations of riv-
erbed K. These differing initial conditions are necessary to reflect
the different interactions resulting from the different K fields,
and allow generating an adequate ensemble spread. In summary,
the spin-up runs provide the initial hydraulic heads needed for
the data assimilation experiments.

3.4.2. Observations obtained from the reference runs

For the data assimilation experiments, 30 piezometric head
observations are taken from the sixth layer (saturated case) or bot-
tom layer (variably saturated case) and used as virtual observa-
tions. 10 of the 30 measurements are beneath the riverbed and
the other 20 in the aquifer north and south of the river. These vir-
tual observations are taken from each of the ten reference runs. A
measurement error of 5 cm is imposed.

3.4.3. Data assimilation experiments

Data assimilation experiments are performed for each of the
four geostatistical models, using in total 200 stochastic realizations
per model. The damping factor for the parameter update is set to
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Fig. 4. Two training images for the generation of stochastic realizations for non-multi-Gaussian K fields: (a) with channelized structures and (b) with elliptic structures. (a) is
also used for generating ten reference riverbed K fields.

Table 1
Geostatistical parameters for the two facies in the non-multi-Gaussian distributed K fields and geostatistical parameters for the multi-Gaussian fields.
Facies Variogram type Mean (log;o(m/s)) Range (m) Sill
(logio(m/s))
channel/ellipse Spherical -4.3 100 0.5
background Spherical -7.3 100 0.5
multi-Gaussian Spherical -6.1 100 2.7
(a) b
80 (B 7 (®)

North

East [m] 500
d
(d) 5
S
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Fig. 5. Examples of stochastic realizations of initial riverbed K fields: (a) non-multi-Gaussian field with channelized structures; (b) non-multi-Gaussian field with elliptic
structures; (c) multi-Gaussian field; (d) homogeneous field.

0.1. In the data assimilation experiments, hydraulic heads and riv- 3.4.4. Verification experiments
erbed K are updated daily by assimilating the 30 virtual piezomet- The estimated hydraulic head and riverbed K fields at the end of
ric head data. Open loop simulations, without data assimilation, the assimilation period are used as input fields for the verification

are also performed for comparison purposes. Table 2 summarizes experiments. This is done for both the data assimilation runs with
the assimilation scenarios. update of heads and logyo (K) and for the open loop simulations,
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Fig. 6. Histograms of riverbed K for three geostatistical models, calculated over all the 200 realizations: (a) non-multi-Gaussian fields with channelized structures; (b) non-

multi-Gaussian fields with elliptic structures; (c) multi-Gaussian fields.

Table 2
Simulation scenarios for data assimilation experiments. The symbol ‘\/’ represents the
update of hflog;o(K) is done, while ‘x’ represents not.

Riverbed patterns Scenarios Update h  Update
logio(K)
non-multi-Gaussian (channel)  channel_open loop  x x
channel_hK Vv V4
non-multi-Gaussian (elliptic) ellip_open loop X X
ellip_hK N v
multi-Gaussian multi_open loop X x
multi_hK v Vv
homogeneous homo_open loop X x
homo_hK Vv V4

and for each of the four geostatistical models of riverbed K. In the
one year verification period the parameter fields are not modified
and no data assimilation is done.

3.4.5. Performance measures

The Root Mean Square Error (RMSE) is used to evaluate the
characterization of model states, riverbed K and river-aquifer
exchange fluxes. RMSE is evaluated separately both for the data
assimilation as well as the verification periods. The RMSE for
hydraulic heads is calculated for all model nodes (including both
surface nodes and subsurface nodes) over all simulation time
steps:

1 N¢_Mnodes_all , 2
f ref
S (3, 17)

j=1

RMSE(h) = (17)

N¢Nnodes_all i—1

where n, is the number of simulation time steps, Muodes_an the total
number of model nodes, the overbar indicates ensemble average,
h hydraulic heads, the superscript f indicates model simulations
and the superscript ref the reference field.

The RMSE for the updated riverbed K is calculated over all riv-
erbed elements at the final simulation time step:

1

river_ele

Mriver_ele " 2
>~ (logyo(K}) — logy(K}))
j=1

RMSE(K) = (18)

where log;o (K7, ) is the updated ensemble mean value of logo(K)
for the j element of the riverbed at the final time step of the assim-
ilation period and nyyer ele is the number of river elements.

The RMSE for exchange fluxes is calculated over all the river
nodes for all time steps:

Mnodes_river

U= Y Q

k=1

(20)

where Npodes_river 1S the number of the river nodes.
For an individual time step, the RMSE for hydraulic heads and
net exchange fluxes is calculated according to:

()

ig,t ij.t

1 Mnodes_all

RMSE(h, t) = (21)

Mnodes_all

RMSE(Q. t) = [Q; — QY @2)



Q. Tang et al./Journal of Hydrology 554 (2017) 383-396

4. Results
4.1. Saturated case

4.1.1. Assimilation period

Compared to the open loop simulations, data assimilation
improved the characterization of model states and parameters,
especially when the models included heterogeneous riverbed
structures. Since the simulation of heads and exchange fluxes is
influenced by model dynamics, average RMSE (h,t) and RMSE (Q,
t) calculated over ten references are shown in Fig. 7(a, c). Displayed
are results for the four geostatistical models. From Fig. 7(a) we see
that only at the beginning of the data assimilation period RMSE (h,
t) is clearly higher for ellip_hK and homo_hK compared to the
other two models, but later RMSE shows a substantial reduction.
After a simulation period of 50 days, channel_hK and ellip_hK have
very similar errors, with lower RMSE than for multi_hK and
homo_hK. Within the assimilation period, the maximum difference
in RMSE (h,t) among the four geostatistical models is 7 cm.

The boxplot of RMSE (K) calculated over ten reference models is
displayed in Fig. 8(a). The final updated ensemble mean riverbed
logyo (K) field for the four different geostatistical models is shown
for one of the reference fields in Fig. 9(a-d). The non-multi-
Gaussian models with channelized structures resemble the true K
field best, while, non-surprisingly, the homogeneous model devi-
ates most. Nevertheless, the differences between the two non-
multi-Gaussian models are small.

The large differences in the characterization of riverbed K pat-
terns between the non-multi-Gaussian models and the other mod-
els also manifest themselves in terms of exchange fluxes:
Compared to the non-multi-Gaussian model with channelized
structures, the average RMSE (Q) over ten references is 61.3%
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higher for the non-multi-Gaussian model with elliptic structures
and 32.6% higher for the multi-Gaussian model. The homogeneous
model performs considerably worse than the others, which
resulted in the highest errors: the RMSE (Q) is 271.3% higher than
for the non-multi-Gaussian model with channelized structures.

4.1.2. Verification experiment

The results of the verification experiments are evaluated in
terms of RMSE (h) and RMSE (Q), shown in Table 3. Values for
the ten individual reference fields and their average are provided.
The non-multi-Gaussian model with channelized structures results
in the smallest RMSE (h) in four out of ten cases, the non-multi-
Gaussian model with elliptic structures in five out of ten, and the
multi-Gaussian model in one. The non-multi-Gaussian models thus
clearly outperform the other models. The average RMSE (h) is also
lower for the heterogeneous models (2.9-3.2 cm) than for the
homogeneous model (6 cm). Among the three heterogeneous mod-
els, the differences are minor. Slightly smaller RMSE (h) are found
for two non-multi-Gaussian models (average RMSE (h) 2.9-3.0 cm)
than the multi-Gaussian model (average RMSE (h) 3.2 cm).

Also in terms of characterization of river-aquifer exchange
fluxes the heterogeneous models outperform the homogeneous
models. The average RMSE (Q) is 3.17 m?/d for the homogeneous
models compared to 1.7-2.3 m>/d for the heterogeneous models;
the RMSE (Q) is about 86.5% larger for the homogeneous model
than for the non-multi-Gaussian model with channelized struc-
tures. Among the three heterogeneous models, like for the RMSE
(h), similar performance is observed for the two non-multi-
Gaussian models (average RMSE (Q) between 1.7 and 1.8 m3/d),
while the RMSE (Q) for the multi-Gaussian model is 41.2% larger
than the non-multi-Gaussian model with channelized structures.
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Fig. 7. Average RMSE (h,t) for (a) the saturated case and (b) the variably saturated case; average RMSE (Q,t) for (c) the saturated case and (d) the variably saturated case. These
RMSEs were calculated over ten references and for the four geostatistical models, the saturated case and assimilation period.
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Fig. 9. Ensemble mean riverbed log, (K) fields at the end of the assimilation period for the saturated case (a-d) and the variably saturated case (e-h). Shown are the reference
(a, e) and different geostatistical models: (b, f) channel_hK; (c, g) ellip_hK; (d, h) multi_hK.

Table 3

RMSE (h) (cm) and RMSE (Q) (m/d) for the saturated case in the verification period. Shown are results for the ten reference fields and the four geostatistical models: the non-
multi-Gaussian model with channelized structures (channel), the non-multi-Gaussian model with elliptic structures (ellip), the multi-Gaussian model (multi) and the

homogeneous model (homo).

channel ellip multi homo

RMSE (h) RMSE (Q) RMSE (h) RMSE (Q) RMSE (h) RMSE (Q) RMSE (h) RMSE (Q)
Ref_1 3.16 2.07 2.72 2.00 3.24 1.86 4.75 3.19
Ref_2 2.78 1.60 3.06 1.97 3.05 222 3.97 0.95
Ref_3 2.65 2.55 291 3.11 2.97 3.19 7.97 5.87
Ref_4 3.38 2.55 3.10 2.63 4.71 1.69 7.88 4.53
Ref_5 294 3.61 2.68 3.86 2.65 3.77 5.02 3.57
Ref_6 3.20 0.95 3.26 0.69 3.32 0.55 7.80 2.72
Ref_7 2.79 0.32 2.73 0.25 2.73 0.39 4.65 3.04
Ref_8 3.46 1.04 3.19 1.34 3.37 0.65 4.60 0.60
Ref_9 2.67 1.69 2.96 1.53 343 0.70 8.83 5.33
Ref_10 293 0.60 2.60 0.47 2.87 8.45 4.47 1.88
Average 3.00 1.70 2.92 1.79 3.23 2.35 6.00 317

4.2. Variably saturated case

4.2.1. Assimilation period

The average RMSE (h,t) and RMSE (Q,t) calculated over all ten
references are shown in Fig. 7(b, d). The errors are larger in the

beginning of the assimilation period and vary strongly between
the different models due to the different initial conditions. How-
ever, towards the end of the assimilation period, the RMSE (h,t)
and RMSE (Q,t) for the four models become smaller and more sim-
ilar. Within the first 100 days, data assimilation allows reducing
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Fig. 10. Maps with exchange fluxes for the variably saturated case at the end of the assimilation period. Shown are the reference (a) and results for the different geostatistical
models: (b) channel_hK; (c) ellip_hK; (d) multi_hK; (e) homo_hK. Negative fluxes indicate infiltration from the river into the aquifer.

Table 4
RMSE (h) (cm) and RMSE (Q) (m?/d) for the variably saturated case in the verification period. Shown are results for the ten reference fields and the four geostatistical models.
channel Ellip multi homo
RMSE (h) RMSE (Q) RMSE (h) RMSE (Q) RMSE (h) RMSE (Q) RMSE (h) RMSE (Q)
Ref_1 14.48 2.45 13.67 0.75 19.54 6.08 42.92 7.16
Ref_2 18.69 3.31 20.87 2.02 21.73 5.40 44.85 2.86
Ref 3 18.12 2.69 19.05 1.52 18.39 3.40 59.61 14.01
Ref_4 18.90 4.28 17.72 2.11 17.62 3.78 37.96 2.49
Ref_5 21.08 4.87 17.64 2.86 21.44 6.92 32.21 4.05
Ref_6 21.53 3.55 18.66 4.46 22.84 6.38 41.22 4.04
Ref_ 7 14.37 5.26 15.50 6.38 17.14 7.14 41.21 8.36
Ref_8 18.58 2.72 14.28 223 19.24 3.76 50.48 4.36
Ref_ 9 15.83 3.17 15.65 0.79 17.67 443 23.55 3.94
Ref_10 20.81 2.19 17.45 1.79 20.28 4.86 29.94 5.91
Average 18.24 345 17.05 249 19.59 5.22 40.40 5.72

the RMSE (h,t) by more than 80% for all four geostatistical models
of riverbed K, especially for the homogeneous model which pro-
duces the smallest RMSE (h) at the end of the assimilation period.
Fig. 8(b) shows the boxplot of RMSE (K) for the updated riverbed K
fields. In six out of ten cases the non-multi-Gaussian case with
channelized structures shows the best characterization of K in
terms of RMSE (K). Fig. 9(e-h) indicates that only the non-multi-
Gaussian model with channelized structures could capture some
of the channels present in the reference K fields; the multi-
Gaussian model deviates strongly from that reference pattern.
Overall, heterogeneous fields allow better capturing the spatial dis-
tribution of exchange fluxes, although their exact spatial position is
often not correct. This is illustrated in Fig. 10. The relatively good
performance of the homogeneous model in reproducing exchange
fluxes compared to the heterogeneous models is related to very
large flux errors for a few grid cells in the heterogeneous cases,
which have an important influence on the performance statistics,
even though we focus on the net fluxes.

4.2.2. Verification experiment

The verification experiment with variably saturated conditions
was carried out with stronger variations in river stage than during
the assimilation phase. The RMSE (h) and RMSE (Q) scores of the
verification period are provided in Table 4. As in the assimilation
period, the RMSE (h) for the three heterogeneous models are smal-
ler than for the homogeneous model. In total, the non-multi-
Gaussian model with channelized structures results in the smallest
RMSE (h) for three out of ten reference cases, the non-multi-
Gaussian model with elliptic structures six out of ten, and the
multi-Gaussian model in one out of ten cases. The two non-
multi-Gaussian models result in the lowest mean RMSE (h). The

average RMSE (h) for the non-multi-Gaussian model with channel-
ized structures is 18.2 cm and for the non-multi-Gaussian model
with elliptic structures it is 17.1 cm. The multi-Gaussian model
shows only a slightly larger mean RMSE (h) (19.6 cm). The homo-
geneous model leads to a RMSE (h) of 40.4 cm, which is 121%
higher than for the non-multi-Gaussian model with channelized
structures.

The two non-multi-Gaussian models result in the best charac-
terization of net exchange fluxes: in two out of ten cases the
non-multi-Gaussian model with channelized structures outper-
forms all other geostatistical models, and in eight out of ten cases
the non-multi-Gaussian model with elliptic structures. The average
RMSE (Q) of the non-multi-Gaussian model with channelized
structures and the non-multi-Gaussian model with elliptic struc-
tures are 3.45m>/d and 2.49 m®/d, respectively. Although the
homogeneous riverbed has clearly the largest RMSE (h) and RMSE
(K), for the characterization of net exchange fluxes the homoge-
neous model performs only slightly worse (RMSE (Q) = 5.72 m?/d)
compared to the multi-Gaussian model (5.22 m3/d). The mean
RMSE (Q) for the homogeneous model is 65.8% larger than for
the non-multi-Gaussian model with channelized structures.

4.3. Correlation analysis

In a final step, linear correlations were calculated between dif-
ferent observations and simulated heads for all riverbed nodes, all
references and all simulation scenarios, with the aim to find out
whether head observations in the assimilation process provided
necessary and sufficient information or not. The percentage of grid
cells for which the absolute value of the linear correlation coeffi-
cient was >0.5 and >0.2 was calculated, for three different time
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Table 5

The percentage of grid cells for which the absolute value of the linear correlation coefficient was >0.5 and >0.2, for three different time steps, the four different geostatistical
models and the two different considered cases. The percentage of grid cells is an average value calculated over all reference fields.

model K type t =50 days t =180 days t =365 days
>0.5 >0.2 >0.5 >0.2 >0.5 >0.2

Saturated case channel 2.60% 21.66% 2.44% 21.39% 1.60% 15.04%
ellip 2.40% 18.43% 2.45% 19.88% 1.42% 10.31%
multi 1.32% 8.47% 1.15% 10.43% 1.13% 8.16%
homo 99.01% 99.56% 99.78% 100.00% 98.69% 99.78%

Variably saturated case channel 0.87% 15.91% 1.06% 16.51% 1.16% 16.43%
ellip 0.85% 11.53% 1.09% 19.06% 2.77% 32.53%
multi 0.59% 9.64% 0.81% 9.91% 2.11% 24.90%
homo 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

steps (after 50, 180 and 365 days), all four different geostatistical
models and the two different saturation cases. The percentage of
grid cells represents an average value calculated over all reference
fields. Table 5 summarizes these scores. The correlations for the
homogeneous model are much stronger than for the heteroge-
neous models for all the displayed time steps and for both satu-
rated and variably saturated cases. For the homogeneous model
99.6%-100% of the grid cells show a correlation coefficient >0.2,
while for the heterogeneous model this percentage is between
8.5% and 32.5%.

The high correlation between the observations and the simu-
lated hydraulic heads for the homogeneous model likely relates
to the fact that the different observations all spatially coincide with
the one homogeneous riverbed K, while for heterogeneous river-
beds observations provide more local information to the surround-
ing grid elements, and not directly relate to the entire riverbed.
This highlights that for homogeneous riverbeds measurement data
can be more informative to update the single (and unknown) riv-
erbed K. As in the homogeneous case the representation of the riv-
erbed is strongly simplified, the measurement data allow the
identification of this unknown riverbed K value.

5. Discussion

The results of this study revealed that for all four geostatistical
models and both the saturated and variably saturated cases, data
assimilation improved the characterization of hydraulic heads. In
terms of characterizing riverbed K, data assimilation provided an
improvement only when heterogeneous models of riverbed K were
used. Finally, in most simulation scenarios the estimation of net
river-aquifer exchange fluxes was improved through data
assimilation.

One important question is whether an erroneous heteroge-
neous/homogeneous approximation of a heterogeneous, non-
multi-Gaussian riverbed with channelized structures allows char-
acterizing the river-aquifer exchange fluxes adequately. Perfor-
mance is evaluated based on the results in the verification
period. Comparison is first made between an erroneous heteroge-
neous non-multi-Gaussian model (in this work the non-multi-
Gaussian model with elliptic structures) and a correct heteroge-
neous non-multi-Gaussian model (here the non-multi-Gaussian
model with channelized structures): Results provided in sections
4.1.2 and 4.2.2 illustrate that both for the saturated and the vari-
ably saturated case differences between the two non-multi-
Gaussian models were minor, especially for the variably saturated
case, as the erroneous heterogeneous non-multi-Gaussian model
outperformed even the correct heterogeneous non-multi-
Gaussian model. Next, the performance of the multi-Gaussian
model and the (correct) non-multi-Gaussian model with channel-
ized structures is compared: For the saturated case the average
RMSE (Q) of the multi-Gaussian model is slightly larger, although
five out of ten times it outperforms the correct non-multi-

Gaussian model. For the variably saturated case the multi-
Gaussian model performs clearly worse than the (correct) non-
multi-Gaussian model with channelized structures.

These comparisons highlight that for the saturated, hydrauli-
cally connected river-aquifer systems, the error in the characteri-
zation of net river-aquifer exchange fluxes does not significantly
differ between a non-multi-Gaussian model with channelized
structures, a non-multi-Gaussian model with elliptic structures
and a multi-Gaussian model. This is a similar conclusion as for
the river-aquifer model analyzed by Tang et al. (2015), where the
pattern of the heterogeneous riverbed K had little influence on
the characterization of river-aquifer exchange fluxes. However,
for variably saturated river-aquifer systems which are not
hydraulically connected everywhere, the error in reproducing net
river-aquifer exchange fluxes is smaller for the non-multi-
Gaussian models than for a multi-Gaussian model. This implies
that knowing only the mean and the variance of the riverbed K
contains not sufficient information for estimating the net river-
aquifer exchange fluxes, and knowing the histogram of the riv-
erbed K provides valuable additional information. On the other
hand, the small differences between the two non-multi-Gaussian
models imply that information on exact patterns and connectivity
is not important for improving the estimation of river-aquifer
exchange fluxes. It is possible that the estimation of solute fluxes
between river and aquifer would be more affected by the riverbed
K pattern.

The homogeneous model results in larger errors than the cor-
rect non-multi-Gaussian model in terms of average RMSE (Q),
although the homogeneous model outperforms the correct model
three out of ten times in both the saturated and the variably satu-
rated cases. It is somewhat surprising that for the variably satu-
rated case the characterization of net exchange fluxes with the
homogeneous model was not much worse than for the heteroge-
neous models, given that both hydraulic heads and riverbed K were
significantly better characterized using the heterogeneous models.
It was also expected that the heterogeneous models would outper-
form the homogeneous model stronger for the variably saturated
case than for the saturated case (Irvine et al., 2012). Different rea-
sons can be postulated for the relatively good performance of the
homogeneous model (albeit with larger RMSE values than for the
heterogeneous non-multi-Gaussian models):

1) Although a homogeneous approximation of a heterogeneous
riverbed induces errors, in this study the heterogeneous
approximation also induced errors, which is related to a lack
of information from hydraulic head observations (both in
terms of the limited information content of hydraulic heads
towards reproducing fluxes, as well as in terms of the lim-
ited number of available head observations). This is one lim-
itation of this study. In the study of Irvine et al. (2012) the
homogeneous approximation of the heterogeneous riverbed
was based on measured net river-aquifer exchange flux over
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the studied stream reach. This is the best information possi-
ble over the studied stream reach. In this work, both for the
homogeneous and the heterogeneous approximations of the
true heterogeneous riverbed, only a limited amount of
hydraulic head data is available. This is a key difference
between the problem considered and the upscaling problem
analyzed by Irvine et al. (2012).

2) The absolute correlations between measured hydraulic
heads and modelled riverbed hydraulic heads were larger
for the homogeneous case than for the heterogeneous cases,
illustrating that for the homogeneous case measurements
were more informative. Although for both the homogeneous
approximation of the heterogeneous riverbed and the char-
acterization of the heterogeneous riverbed only a limited
number of point measurements was used, those point mea-
surements were more informative to estimate a single
unknown homogeneous value than to estimate spatially
heterogeneous fields.

3) For the variably saturated case, for which the homogeneous
approximation should be more problematic according to the
findings of Irvine et al. (2012), for a large part of the riverbed
the saturation condition (i.e., saturated or unsaturated) did
not change over time. This implies that the sketched satura-
tion condition in Fig. 2 was not very dynamic over time, and
under such conditions the homogeneous approximation is
less problematic than for highly dynamic variably saturated
conditions. However, this is controlled by both the dynamic
model forcings and the ratio of riverbed hydraulic conduc-
tivity and aquifer hydraulic conductivity. This is another
limitation of this study.

Altogether points (1)-(3) show that for approximating a hetero-
geneous riverbed with a homogeneous value it is important to dis-
tinguish between the upscaling problem as outlined by Irvine et al.
(2012) and the inverse problem, where typically a limited number
of measurement data is available (as was the case in this study).
Moreover, in this study the aquifer is simplified and assumed to
be known and homogeneous over the whole simulation period.
The homogeneity assumption affects the river-aquifer exchange
fluxes and simplifies the parameter estimation problem. In reality,
a more complex, heterogeneous aquifer is common. Therefore, fur-
ther study should focus on the role of a spatially heterogeneous
aquifer on the estimation of riverbed properties with different geo-
statistical models for those riverbed properties. In addition, further
evaluation to inversely estimate riverbed properties by data assim-
ilation is important and is currently carried out for the Emme
catchment in Switzerland. This will provide further insight into
understanding the role of complex heterogeneous patterns within
a more dynamic and uncertain river-aquifer system. In a real-
world case study, additional complicating factors are heterogeneity
of the aquifer (neglected in this study), additional sources of uncer-
tainty (e.g., boundary conditions, temporal changes in riverbed
properties) and the geostatistical model which is adopted for the
riverbed properties. In addition, measurements are probably not
only affected by random errors, which can be larger than assumed
in this study, but also by systematic errors. In general, additional
sources of uncertainty might make it more complicated to estimate
heterogeneous riverbed properties by data assimilation, and could
also reduce further the differences between the different geostatis-
tical models applied in this work.

6. Conclusions

We compared four geostatistical models of riverbed K for simu-
lating river-aquifer interactions with the integrated surface water-

groundwater model HydroGeoSphere. HydroGeoSphere calculates
a fully coupled feedback between surface water and groundwater,
and river-aquifer exchange fluxes are better approximated when
an unsaturated zone is present between surface water and aquifer.
In this work, the reference (“true”) K field was drawn from a non-
multi-Gaussian distribution with channelized structures. Four dif-
ferent geostatistical models were compared: a homogeneous
model, a multi-Gaussian model, a non-multi-Gaussian model with
elliptic structures and a non-multi-Gaussian model with channel-
ized structures. 200 stochastic realizations of K fields were gener-
ated for each of the four geostatistical models, and served as input
parameter files for model simulations and data assimilation exper-
iments. Model simulations were done for (1) a setup with satu-
rated conditions in and below the riverbed and (2) another setup
with variably saturated conditions. Piezometric head measure-
ment data were used for updating model states (heads) and param-
eters (riverbed K) with the ensemble Kalman filter. The
performance was evaluated in terms of its ability to characterize
hydraulic heads, riverbed K and net river-aquifer exchange fluxes.
From the analysis above, we conclude:

1) Assimilation of hydraulic head data improved the character-
ization of hydraulic heads, riverbed K and river-aquifer
exchange fluxes for all four geostatistical models, even
though in three out of four cases the prior geostatistical
models did not coincide with the reference geostatistical
model.

2) In the case of a fully saturated river-aquifer system, both the
non-multi-Gaussian and the multi-Gaussian geostatistical
models outperform the homogeneous model in terms of
characterization of model states, parameters and exchange
fluxes. However, the differences in performance between
the three heterogeneous models are minor, indicating that
the spatial pattern of riverbed K has, in most cases, only a
limited influence on river-aquifer exchange fluxes, similar
to what has been shown for a one-way coupled model by
Tang et al. (2015).

3) In the case of variably saturated conditions in and under the
riverbed, conclusions are similar for the characterization of
model states and parameters. However, concerning the char-
acterization of net river-aquifer exchange fluxes results are
slightly different. The performance of a multi-Gaussian K
field and a homogeneous equivalent K are clearly worse than
of the two non-multi-Gaussian models. The two different
non-multi-Gaussian models, however, performed similarly.
It can thus be concluded that for a variably saturated river-
aquifer system the exact spatial pattern of the heteroge-
neous riverbed K is not important for characterizing river-
aquifer exchange fluxes, but besides mean and variance also
histogram information of the riverbed K is valuable for
selecting an appropriate geostatistical model. However, this
might not be true for simulating solute transport process
which can be strongly affected by connectivity and complex
spatial patterns of riverbed K.
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