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Abstract

We present the results of a hydraulic tomography led on a 60 X 40 m? fractured and karstic field
in Southern France in order to image, in a model, its transmissivity field. The dataset employed
for the tomography consists in drawdown responses to cross-boreholes pumping tests reaching
pseudo steady-state, with 8 different pumping wells and 22 measurement boreholes. The
inversion of the dataset was led on a 2D model coupling a discrete network and a continuum,
by following the Discrete Network Deterministic Inversion (DNDI) method. This method
permits an optimization of both the transmissivity distribution and the structural geometry of
the discrete network, which represents in this case the interconnected fractures and conduits in
the aquifer. The optimized model obtained after inversion allows reproducing the observed
drawdown in the field, and proposes a contrasted imaging of the hydraulic properties, as awaited
in such fractured site. The fracture network in the optimized model also shows coherent
orientations of fracturing, compared to the orientations effectively observed on the field, even
though this information was not included in the inversion. A comparison of the results obtained
with this coupled model to results obtained on the same data with equivalent porous media
model (without integration of a discrete network) shows that the integration of a discrete
network in the model greatly improves the ability of the model to reproduce the flows existing

in such fractured fields, and thus the observed drawdowns.
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1. Introduction

Characterization of the subsurface field hydraulic properties represents an important
problematic for the hydrogeologists and engineers. In fact, the spatial distribution of the values
of hydraulic properties, such as transmissivity, strongly influences the subsurface flows. The
assessment of these underground properties usually requires to analyze responses to a
solicitation of the field, such as drawdown responses to a groundwater pumping (Batu 1998),

or other solicitations such as injections, slug tests, tracers as described in Butler (2005).

Therefore, the spatialization of the transmissivity values can be caught, among other methods,
by simultaneously analyzing the responses to pumping tests led in different boreholes from the
same field. This is typically realized by a hydraulic tomography approach (Yeh and Lee 2007).
In this approach, a large set of responses to cross-borehole pumping tests is associated with an
inversion process, in order to map a transmissivity field in a model which is then able to
reproduce the observed drawdowns when solving the flow equation (Illman et al. 2009; Cardiff

and Barrash 2011; Cardiff et al. 2013; Fischer et al. 2017a).

Hydraulic tomography appears as a powerful tool for the characterization of fractured fields
hydraulic properties. In fact, in fractured aquifers, the groundwater flow paths are mostly
constrained in the network of fractures, because these fractures generate a local increase in the
conductivity field. This leads to high contrasts in hydraulic properties, with a high conductivity
fracture network surrounded by a lower conductivity rock matrix. Illman (2014) reviewed and
highlighted the advantages brought by hydraulic tomography for the assessment of these
contrasts in fractured site. The scientific literature contains several works of hydraulic
tomography on fractured fields, some of these works being listed hereafter. One main difference
between these works concerns the representation of the heterogeneity within the transmissivity

field in the model.
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One of the approaches is to represent this heterogeneity with a single continuum in which the
fractures and matrix properties are approximated with an equivalent hydraulic conductivity
field. In this case, the solution of the inversion should be constrained in order to produce the
expected contrast in the transmissivity field. Thus, Hao et al. (2008) and Sharmeen et al. (2012)
have used the Sequential Successive Linear Estimator developed by Yeh and Liu (2000) to
image the conductivity fields of, respectively, a synthetic fractured case and a fractured rock
block in laboratory. The same approach was also tested more recently by Mohammadi and
[llman (2019) on a synthetic karstic conduit network. Other possible inversion constraints for
single continuum modeling have been tested on a same dataset from a fractured and karstified
field in France: the transitional-probability generation (Wang et al. 2017), the sparse non-linear
optimizer (Wang et al. 2016) and a cellular automata-based approach (Fischer et al. 2017b).
Single continuum 3D hydraulic tomography applications have been proposed by Illman et al.
(2009) and Zha et al. (2015) for a large fractured field in Japan, and more recently for a fractured
rock unit at a smaller scale by Tiedeman and Barrash (2019). A dual continuum, considering
two linked continuum (one for the matrix and one for the fractures), has been proposed in

Trottier et al. (2014) as an alternative to the single continuum representation.

Another possible representation for the imagery of fractured fields requires the integration of a
discrete network in the model. In this case, a network of lines or planes representing the
fractures is included in a 2D or 3D continuum which represents the matrix. The matrix can be
considered as impermeable, leading to water fluxes only in the fracture networks, or a low
permeability background in a coupled model, allowing for flows also in the matrix. This type
of representation has been adopted to infer the hydraulic properties of a simplified fracture
network, positioned in the model based on connectivity information, in Klepikova et al. (2013)
and Klepikova et al. (2014). However, the main difficulty arising from this representation

remains the construction of the discrete network within the model. In fact, in this case, not only
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the property values of the fractures are important, but also their positioning and their
connectivity. Therefore, when the information related to the fractures positioning is limited, it
may be necessary to optimize the network geometry in the model as well. This can be achieved
by generating networks stochastically from field information such as statistical (Cacas et al.
1990), mechanical (Josnin et al. 2002; Bonneau et al. 2013) or speleological templates (Pardo-
Iguzquiza et al. 2012) information. More recently, Somogyvari et al. (2017) have proposed to
optimize the discrete network with a method based on a reversible jump Markov Chain Monte
Carlo, which allows for iterative semi-random updates of its geometry, based on statistical
information. However, a deterministic optimization of the network of fractures is less common
in the literature. Such a method to optimize the geometry of a network of interconnected
fractures in a deterministic way has been proposed in Fischer et al. (2018a) and tested on

synthetic cases.

Several works have discussed the importance of integrating discrete networks for the modeling
of flows in fractured or karstic aquifers, compared to single continuum models. Among them,
Kovacs (2003) noticed that, for a karstic aquifer at a watershed scale (kilometric), only the
presence of discrete networks in the model could permit to reproduce in a same time the
observed heads and the observed spring discharges. More recently, Dong et al. (2019) studied
the conditions to obtain an equivalence between inverted single continuum simulations and
simulations obtained from a synthetic discrete fracture network model. They have observed
that, if the scale of the investigation within a fractured medium reaches the Representative
Elementary Volume (REV), then a single continuum model could provide good inversion
results. However, if the scale was below the REV and the observation wells were limited, a

single continuum model permitted to only identify the dominant fractures.

In this work, we aim to contribute to this discussion comparing single continuum and discrete

network modeling approaches for the representation of a fractured field in a hydraulic
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tomography. For this purpose, we will apply the Discrete Network Deterministic Inversion
(DNDI) method proposed in Fischer et al. (2018a) on steady-state drawdown responses
obtained, at a decametric scale, on the Terrieu fractured and karstified field, in France. The
results obtained from the discrete network modeling in this work will then be compared to those
obtained from a more classical single continuum modeling. These comparison will allow us to
discuss the benefits of including discrete networks in the model for the representation of
fractures/conduits networks at a decametric scale. In this paper, we will first briefly present the
Terrieu site, and the drawdown dataset used for its characterization. Then, we will expose the
parameterization of the transmissivity field in the model for the DNDI method and its associated
deterministic inversion for the optimization of both the network geometry and the transmissivity
values. In the last section we will present the results obtained with the DNDI approach, and
discuss its differences, benefits and limits to those obtained from other approaches without

discrete networks.

2. Site presentation

The Terrieu experimental field is located on the MEDYCYSS observation site (Jourde et al.
2011), part of the Karst observatory network (Jourde et al. 2018) initiated by the French institute
INSU/CNRS. This well-known site has been recently studied in two PhD-thesis (Jazayeri
Noushabadi 2009 and Dausse 2015) and characterized through different tomographic
approaches (Wang et al. 2016; Wang et al. 2017; Fischer et al. 2017b; Fischer et al. 2018b).
This field is located in Southern France, at the North of the city Montpellier (see Figure 1). It
is part of the karstic and fractured Lez regional aquifer, whose spring is located a few kilometers

downstream.
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Figure 1: (a) Localization of the Terrieu experimental site in France, near the town of
Montpellier. This karstic site is part of the regional Lez aquifer and hydraulically connected to
the Lez spring. Maps of (b) the boreholes on the Terrieu experimental site and (c) the pumping
rates applied in 8 boreholes during the investigation. Boreholes represented by red dots are
pumping/measurement wells, and boreholes represented by grey dots are only measurement
wells. The boreholes linked with a blue line are known to be well connected within the karst
network, according to Dausse (2015).

The Terrieu field extends over an area of approximately 2,500 m? and is equipped with 22
boreholes distributed over this area, as presented in Figure 1b. Geological logs in these
boreholes indicate that the field is composed of thin-layered marly limestones on its upper part
and massive limestones below. The interface between these two units is a slope monocline
fractured plane dipping at 20° Nord-West, and present at depths between 35 and 45 m above
the field surface. The fractures have an ENE-WSW global direction and a less important SE-

NW secondary direction (Wang et al. 2016).
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Characterization investigations (temperature logs, electrical conductivity logs, and packer tests)
presented in Jazayeri Noushabadi (2009), Jazayeri Noushabadi (2011) and Dausse (2015) have
highlighted the fact that the groundwater flows in this field were mostly constrained to the
interface between the two geological units (Dausse et al. (accepted 2019)). Wells downhole
videos have indeed shown that a karstic network had preferentially developed within this sloped
bedding plane, with conduits’ aperture up to 25 cm width. Because of the low permeability of
the rocks units on both sides of this fractured interface, the aquifer part on this field is supposed
to be confined. The previous investigations also permitted to show that several boreholes of the
site were well connected through this karstic network. This known connectivity is presented in

Figure 1c with a blue line, linking the connected boreholes.

The dataset employed for the hydraulic tomography approach presented in this article has been
obtained from a cross-boreholes pumping investigation performed within the framework of
Jazayeri Noushabadi’s PhD. Eight alternated constant-rate pumping tests have been performed
on the field, in the boreholes and with the pumping rates indicated in red in Figure 1c. The
groundwater level during the different pumping tests was always kept above 35 m below the
surface, which means that the fractured and karstified horizon was continuously saturated.
During the pumping phases, the drawdowns were measured continuously in all wells in the
fields with CTD-diver probes. The pseudo steady-state (approaching the steady state)
drawdown responses measured in each well and for each pumping (a total of 176 data)

constitute the dataset used for the modeling of flow field, presented in the next section.

3. Algorithm presentation

3.1. Forward problem and model parameterization
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The hydraulic tomography approach presented in this article has been performed with the
Discrete Network Deterministic Inversion (DNDI) algorithm, as presented in Fischer et al.

(2018a). The DNDI method is based on a coupled discrete-continuum model " in which the

transmissivity is distributed over of a 1D discrete network r N representing the
karstic/fractures flows and a 2D continuum Mm representing the flows in the matrix rock. The

forward problem f consists in solving the flows continuity equations in a steady state by

considering the Darcy’s formulation in both parts:

[.(-T,,.0h) :g—M in the matrix T,

el. , (1)

0,.(<Ty.0;h) = g—N in the network I,

el.

with T, Ty the equivalent transmissivities of the matrix rock and of the fractures (m?/s), h the
piezometric level (m), Oy, Oy punctual extractions rates (m?/s) at pumping locations, and Sel,
a model elementary surface at the given pumping locations (m?). DT is the tangential gradient
along the discrete elements of the model.

The coupled model is partitioned in Py squared subspaces along the X-axis, and Py along

the Y-axis (for a total of P= Py XPy subspaces). The position of the discrete network in the

model and the distribution of the transmissivities among the background and the fractures are

piloted by two vectors of parameters: Py, and P, (Figure2). P, is a p -vector (i.e. of

dimension p><1) containing the local directions of the network for each subspace of the model,

following an established encoding (see Encoding in Figure 2). The generation of the network

follows a ‘node-to-node’ principle. The encoding defines, for each subspace, how the network
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should propagate in it (one over six possible directions) if one of its node (a corner between
subspaces) becomes activated during the generation process. The generation starts at a chosen
node which is initially considered as ‘activated’. If a subspace connected to this ‘activated’
node is encoded with a local direction going through this node, the network propagates in the
direction assigned to this area of the model. The node newly reached by the generated network
becomes ‘activated’, allowing the generation of the network in new subspaces, while the
subspace in which the generation has already occurred becomes inhibited to another generation.
The ‘node-to-node’ generation process continues until there is no more newly ‘activated’ nodes.
Some of the subspaces may not participate in the generation of the network in the end, if none

of their nodes is activated during the process, or if their nodes activated during the generation

are not involved in their encoded direction (leading to a ‘no fracture’ possibility). p, ~isa 2 14

-vector containing the local values of transmissivity for the background (matrix) and fracture

parts in each subspace. Thus, amodel " can be generated and locally modified in an easy way

through the values contained in Ppy;, and P,., - A model defined with these two parameters is

noted I (P P

Dir > ™ Prop ) :
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Figure 2: Schematic representation of the model parameterization in the DNDI method. The
geometry of the discrete network is encoded in a PDir vector and the transmissivity values
associated to each part of the matrix and discrete network in the model are encoded ina p,,

vector.

Solving the forward problem presented in Eq. 1 for a parameterized coupled model, as presented
in Figure 2, permits to simulate the map of piezometric levels. In this work, we simulate the
piezometric levels with the software COMSOL Multiphysics, considering an adaptive
triangular mesh (sizes between 0.06 m? and 1.5 m?) for the finite-element resolution of Eq.1. In
our case, the piezometric levels will allow to assess the drawdowns, generated from the

pumping tests, at the given measurement points:

d=7f (F (PDir’PProp )) tE, (2)
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where d is a 7 -vector of simulated drawdowns at different locations, f is the forward

problem described in Eq. 1, F(P P,

i Pmp) is a parameterized coupled model and € is a

Gaussian noise with a zero mean for adding noise to the data and prevent an overfitting of the
inversion.

3.2.Inverse problem

The inverse problem involves the use of a forward problem in the optimization process in order
to find a possible solution of the parameters P])ir and p, . In a Bayesian framework, this
consists in defining a model able to reproduce the set of observed drawdowns, while also

respecting some prior properties information.

Our deterministic inversion process is sequential and iterative. After each step, the parameters

are modified in order to reduce the values of the objective functions (Tarantola and Valette

1982):
 eowork (PDir) = %(dobs -f (F (PDir’PProp )))T C,” (dobs -f (F (PDir,PPmp ))) 3
+ %(PDir,prior - Py, )T CP,,ir o (PDir,priur - PDir)
properties (PProp) = %(dobs -f (F (PDir’PProp )))T Cd_1 (dobS - f (F (I’Dir,Pl,mp ))) @
+ %(PProp,prior - PProp )T CPMp B (PPmp,prior - PProp )

with ¥ .o the structural objective function, the properties objective function, dobs

properties

and p are

Prop,prior

a N -vector of observed drawdown to be reproduced by the model, p

,prior

vectors of a priori parameter values to constrain the optimization, Cd is a 1% covariance
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matrix on the drawdown data, and ¢, and Cppmp are pXp and 2p sz covariance matrices

on the parameters values.

The deterministic inversion process is initialized with chosen values for the structural parameter
P,;. and the property parameter P,., - 1he initial property values should be chosen wisely as,
in a deterministic process, the initial model determines the local solution to which the process
will converge. Then, the optimization part permits to modify the parameters Py and P,,, 1
order to minimize the objective functions. The parameters are not optimized simultaneously,

we use a sequential inversion, modifying first Py, by considering the initial p,,, and the

objective function in Eq. 3, and then modifying p, = by considering the previously inverted

P,;. and the objective function in Eq. 4. Finally the inversion process finishes with a posterior

sensitivity analysis on the resulting model.
3.3. Optimization and uncertainties estimation

The parameters contained in Pp, and p,,, are modified iteratively in the sequential

optimization part of the inverse process. This part modifies the parameters in order to minimize

the objective functions in Eq. 3 and Eq. 4 by using sensitivity analyses.

Firstly, the structural parameter Py, is optimized, while we consider the initial P,,, asconstant.

For a given iteration k, the optimization of p* uses a sensitivity analysis contained in a 6% P

matrix j * generated, for an element (i, j) of the matrix, as follow:

Jnk (1’ J) = %(dobs - f (r (PDkir PDir(j):i ’PPropjjJ (:d_1 (dobs - f (r (Pll)(ir

L Pur e ()-1) €, (Baee ()1)
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with (Pl‘;ir P ) the model generated through a modification of the local direction i

Py (j)=i7 Prop
(among the 6 possible as encoded in Figure 2) in the subspace j of the model (among the p

subspaces of the model).

p), is updated from the minimum value found in j *. The minimum value represents the best

D

minimization of the objective function in Eq. 3 for this iteration, and its position (imin, jmin) in

the matrix represents the modification of local direction (imin) in the subspace Jmn that has to
be produced to generate p:'. The iterative process continues until no more minimization can

be found through the structural parameter for the objective function in Eq. 3.

After the optimization part, the distribution of the structural posterior uncertainties can be

calculated for each subspace of the model ina p -vector Cgfj:
vy (1S g , )
Ch ()= £330 ()= + €, (1) ©
i=1

where C{Z;’: ( J) denotes the structural posterior uncertainty value associated to the subspace j,

J, 7o is the structural sensitivity matrix of the last optimization iteration and o+ is the

rk

value of the structural objective function of the last optimization iteration.
Secondly, the property parameter p,  is optimized, while we consider the previously optimized

P,;. as constant. For a given iteration k, the optimization of PkPmp uses a linearization of the

objective function in Eq. 4:

Prop Prop

S +((ka)T -Cd_l'ka +CPP,0 _1)—1.
' (7)
((ka )T ‘Cd_l‘ (dobs - f (F (PDir’PII’(rop ))) + CPP,OP_I- (PProp,prior - Pll:mp ))
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where ka is the NX2p sensitivity matrix computed from a finite difference method:

.. of,
J - L)) =—"— where ap. is a finite difference step (in this application
P ( ) aP]Erop Pllgrop(j):Pll;rop(j)-‘-APPrOp Prop p pp

AI)Pr

0

—10
=107,

The iterative process continues until the value of the objective function in Eq. 3 converges to a

minimum.

After the optimization part, a matrix of posterior covariance can be calculated as follow:

-1
C[’ost — ((Jppoxz )T .Cd_l-Jppm[ + CPPmp—l) , (8)

Pprop

with J "™ is the sensitivity matrix of the last optimization iteration.

The standard deviation uncertainty associated to the property values of each subspace can be

inferred from the square root values of the diagonal entry of the posterior covariance matrix.

4. Application

4.1.Hydraulic tomography result

A 2D 60 X 40 m? model has represented a top-down view of the fractured interface plane from
the Terrieu experimental field. The model was surrounded by a large equivalent porous media
area (‘buffer zone’) in order to neglect the effect of the boundaries conditions on the drawdowns
in the model. The DNDI algorithm was coded in Matlab and linked to COMSOL Multiphysics

which solved the forward problem in steady state.
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For the inversion, the parameters considered in p, =~ were the transmissivity values in a logio

scale (log,, (T) ). The values of transmissivities in the model were taken as initially uniform

within the matrix (10 m?/s) and the fracture (10" m?/s). These initial values were also used as

a priori values during the inversion in p . The transmissivity of the buffer zone was fixed

for the whole inversion at a value 102 m?s. These values were chosen accordingly to the
previous studies and results obtained on this field (Wang et al. 2016 ; Fischer et al. 2017b). No

a priori information concerning the fracture network local direction were considered in p

Dir,prior

The covariance matrices were constructed as diagonal matrices. Thus, we chose
-2 . — _2 . o« e
C,=10".d (n), and C, ~=0.1d (m) with O =107 for the fracture logio-transmissivities

and 0 =1 for the matrix logio-transmissivities.

The inversion was initialized with a model containing one single linear fracture, oriented East-
West, with a starting node in coordinates 0;0 (see Figure 3). As the process is deterministic the
initial model influences the inversion. In particular, starting from an initial model too ‘far’ from

the solution might result in a non-convergence of the inversion.

A first partitioning of the model in 6 X 4 subspaces (i.e. 10 X 10 m? square subspaces) was
chosen for the DNDI method. This partitioning was used for a first inversion (Figure 3a to 3b),
whose result was then repartitioned and used as initial model for a second inversion (Figure 3¢
to 3d). This ‘multi-scale’ inversion has been already employed in previous works (Yoon et al.
1999, Grimstadt et al. 2003) and permits to prioritize the flows in the model. In this way, the
first inversion aimed to find the global trends of the discrete network, while the second inversion
permitted to detail local parts of the network. In a deterministic problem this multi-scale

approach accelerates the inversion process and facilitates its convergence to a local minimum
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after partitioning. It is especially interesting for deterministic inversion problems of highly
heterogeneous fields, which could easily diverge when the resolution of the model is too high

(although this high amount of inversion parameters is necessary to represent the heterogeneity).

6x4 subspaces inversion

20

Initial | =,
10 s~ tom ' o
ETT °
d
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Figure 3: Schematic representation of the global inversion process, involving a first inversion
starting with a 6 X 4 subspaces initial model (a), followed by a partitioning of the inversion
resulting model into a 12 X 8 subspaces model (b to c¢). This partitioned model is then used as
initial model for a second, more precise, inversion (c to d).

The solution to which the deterministic inversion converged, after optimization of the network
geometry and the transmissivity values, is presented in Figure 4b. The result was obtained after
32 structural iterations and 3 properties iterations. Figure 4c presents the maps of structural
uncertainties associated to the solution. The lower the value of structural uncertainty, the better

the local direction is constrained by the data (modifying this local direction would result in a
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bad reproduction of the observed responses). Figure 4d presents the maps of transmissivity

standard deviations associated to the solution.
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Figure 4: Maps of (a) the boreholes of the Terrieu site (in red the pumping wells), (b) the
distribution of discrete network and transmissivity values obtained as result of the inversion,
(c) the structural uncertainties on the discrete network obtained by inversion, and (d) the
standard deviations on the transmissivity values obtained by inversion.

The distribution of transmissivities obtained after inversion presents a dense network of
fractures in a heterogeneous matrix (Figure 4b). The network of fracture can appear as rather

unrealistic, or simplistic, regarding the known morphology of fractures and karst conduits.
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However, the DNDI method is purely based on flow data and no morphologic information was
provided to the inversion process. Therefore the network presented in the model shall mimic
only the interconnected fractures, influencing the groundwater flows induced by the pumping
in the field. The part of the fractures and conduits that do not contribute to these flows, like

dead end features for example, can logically not be retrieved with this inversion method.

The model permits a good reproduction of the drawdowns (Root Mean Square Error (RMSE)
of 0,18 m), except for the very small drawdowns (< 50 cm) (Figure 5). The uncertainties on the
geometry of the network (Figure 4c) indicate that the reproduction of the drawdowns is
conditioned to the local directions identified for a large part of the network in the central part
of the model. This indicated that, for the modeling of flows in a fractured media, a good
integration of the directions of the fractures is essential. The part of the network around P5 and
P6 appears as less constrained structurally, but according to previous works (Dausse 2015) this
area would be associated more likely to less important fractures and, thus, their orientations
might have less impact on the flows. The western part and south-eastern parts of the network
are not structurally constrained by the data, which means that the fractures orientations in these
parts don’t play an important role in the reproduction of the observed drawdowns. However,
the inversion process brought some modifications in these parts of the network (densification
of the fractures network), which can be attributed to the simulation of more water income from
these parts of the model, indicating the existence of fractures which cannot be clearly identified
due to the absence of boreholes in these area. The uncertainty on the transmissivity values
(standard deviations in Figure 4d) have not been significantly lowered during the inversion
(except in some local parts in the center of the model). This is due to the fact that, in a fractured
and karstic field, the flows are more influenced by the orientation and localization of the
fractures/conduits, and the contrast of hydraulic properties between matrix and fractures rather

than by variations of property values within a fracture or in the matrix.
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Figure 5: Scatterplot comparing the observed drawdowns to the drawdowns modeled with the
distributed model obtained as result of the inversion, and graphs showing the orientations of the
fractures in the model (left) and observed on the field (right; from Wang et al. 2016).

In Figure 5, we present graphs showing the orientations of fractures in the model and observed
on field as described in Wang et al. (2016). For the orientation of the fractures in the model, we
considered only the parts of the network which were structurally constrained by the model, as
the orientations of the fractures in the other parts may not be representative. By comparing these
two graphs it appears that the network obtained by inversion is rather coherent with the
observed orientations of fracturing. The main orientations of fractures in the model are NE-SW
and E-W, corresponding to the observed ENE-WSW orientations (which cannot be represented
in the model through the DNDI method). Then, the NW-SE orientation is also represented in
the model and represents a secondary direction of fracturing, while the N-S orientation concerns
only a few part of the network, which is also coherent to the observations on the field. In the
inversion process, these information of orientation could only be interpreted from the data, as
the initial model integrated only one single fracture (oriented E-W) and no prior information
concerning the fracture orientations were integrated in the inversion process. Therefore, this
comparison between modeled and observed fracture network represents one form of validation

of the model.
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The fracture network in the model, however, cannot reproduce the known high connectivity
existing between some boreholes of the field (see Figure 1¢). Two remarks can be proposed to
explain this limitation. First, the DNDI method limits the directions of fractures to four possible
orientations, which constrains the liberty for the fracture network optimization. One possibility
to reduce this limitation is a more important partitioning of the model (for example in our case
by continuing our inversion process with a 24 X 16 partitioning). However, the more the model
is partitioned, the more the inversion computation time will be important, as this will necessarily
increase the amount of subspaces in the model and thus the amount of parameters to be inverted.
Secondary, as suggested in Fischer et al. (2018b), steady-state responses are influenced by flows
in all fractures and karstic structures of the field. This might ‘hide’ the information about the
flows associated to the most important flowpath (usually associated to conduits) in the

responses.

4.2.Discussion

During the inversion presented in this article, we performed a progressive multi-scale
partitioning. We started the inversion with a 6 X 4 subspaces and used the result of this first

inversion as initial model for a second inversion with a model repartitioned to 12 X 8 subspaces.

Figure 6 compares the scatterplots of observed/modeled drawdowns obtained after each
inversion. It shows that having a second partitioning to 12 X 8 subspaces was necessary to reach
an acceptable reproduction of the observed drawdowns (R? of 0,86). This is mainly due to the
gain of liberty in the optimization obtained from a finer partitioning of the model. However,
starting from a coarser partitioning with 6 X 4 subspaces, instead of directly inverting a 12 X 8
subspaces model, also presents the advantage of finding more quickly the main directions in

the fracture network. This is especially interesting as we chose to initiate the inversion with a
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very simple model. It would have necessitate much more iterations to optimize the fracture

network if we would have directly started with a finer partitioning.
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Figure 6: Scatterplots comparing the observed drawdowns to the drawdowns modeled with the
distributed models obtained as results of the inversions for a 6 X 4 partitioning and 12 X 8
partitioning (presented in Figure 3).

In order to discuss the advantages brought by coupled model for the modeling of fractures
fields, we compare the result obtained with the DNDI method, with a discrete network
integrated in the model, to results obtained with equivalent porous media models. Therefore we
have also performed inversions with model without a discrete network. In these cases the

inversions were performed in a same way then the DNDI method but without the discrete

network part in the model (Py;.) and without the structural inversion part of Eq.3 (thus, were

limited to the minimization of the hydraulic properties of the continuum in Eq.4 through its
linearization in Eq.7). Figure 7 presents the inversion results (transmissivity maps and
scatterplots) obtained from the DNDI method, and two results obtained from inversions of
models without discrete network: one at the same partitioning (12 X 8) than the DNDI result

and one reaching an equivalent ability of reproduction of the observed data but with a finer
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partitioning (48 X 32). It can be noted that the computation times necessary to obtain these
different results are proportional to their complexity (several days for the DNDI solution in

Figure 7a, about one day for the solution of Figure 7c and a few hours for the one of Figure 7b).

By comparing the result obtained with the DNDI method (Figure 7a) to the equivalent porous
medium result with a same partitioning (Figure 7b), it appears that the integration of a discrete
network at this partitioning is crucial. In fact, without integrating fractures in the model, the
inversion fails at finding a distribution able to reproduce the observed drawdowns, even though
transmissivity values are set at high values in the model in order to simulate the
fractures/conduits flows. These flows are locally constrained and, thus, a fine distribution of
the properties is needed in the model in order to permit their simulation. A model without a
discrete network but with a finer resolution (Figure 7c) is able to reproduce these flows and
their induced drawdowns, but is would require a much finer partitioning (48 X 32) than the
DNDI model (12 X 8). Furthermore, if some structures and fracture connectivity patterns may
be identifiable in such model, the distribution of the transmissivities remains rather smooth
(contrarily of the awaited contrasted distribution in fractured fields) and the values of
transmissivities globally high, unlike in the DNDI result which allows for a good contrast
between the fractures and the matrix. The coupled discrete-continuum model proposed with the
DNDI method appears, thus, as really interesting to image the properties of a fractured medium,
as it allows for a simulation of the complex flows even with a coarse partitioning of the model
and it generated a contrasted distribution of transmissivities which also permits to characterize

heterogeneity in the background matrix.
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Figure 7: Maps of transmissivity distributions and associated reproduction of observed
drawdowns (scatterplots) obtained after inversions with a model taking into account a discrete
network (a), or with equivalent porous media models at two different property grids resolution
(12 X 8 (b) and 48 X 32 subspaces (c)).

An alternative to represent the contrast of hydraulic properties from a fractures/karstic field
without integrating a discrete network in the model has been proposed in Fischer et al. (2017b)
by applying a Cellular Automata-based Deterministic Inversion (CADI) method. This
application was led on the same site and with the same dataset than the one presented in this
article, which permits an interesting comparison between the two methods. The CADI method,
unlike the DNDI, is based on a single continuum approach in which the fracture network is
structured directly within the property field with cellular automata. It allows for more liberty in
the structural optimization of the property distribution than the DNDI method. Therefore the
network represented in the CADI result is more realistic regarding the knowledge of the field.
It permits, for example, the reproduction of the known high connectivity between some

boreholes, represented in Figure 1c. However, and as discussed before with Figure 7, the result
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obtained with the DNDI method permits a better reproduction of the flows and the observed
drawdowns, even with a coarser partitioning (R?=0,86 with 12 X8 subspaces for the DNDI

model and R2=0,78 with 24 X 16 subspaces for the CADI model in Fischer et al. (2017b)).

5. Conclusion

We present an application of a hydraulic tomography led on the fractured and karstic Terrieu
field site in France in order to image its transmissivity field in a model. The dataset consists in
drawdown responses to pumping tests reaching the pseudo steady state. The inversion was
performed with the DNDI method, a method that allows for the optimization of the distribution
of transmissivities in the model, but also for the optimization of the structure of a discrete

network in the model.

The model obtained after inversion of the dataset permits a good reproduction of the observed
drawdowns and also reproduces the main directions of fracturing observed on the field, even
though this information was not included in the inversion process. However, the model fails at
reproducing the known high connectivity (conduit flows) in the field. This may be due to the
limitations of the DNDI method concerning the possible orientations of fractures for the
optimization, but also to the flow information contained in the steady state drawdown responses

which might not permit to distinguish the major flowpaths from less important ones.

The results obtained with the DNDI method on this application show two main advantages of
using a coupled discrete-continuum model for the characterization of the flows in fractured
media, compared to equivalent porous media models. The discrete network in the model allows
for a better contrast in the transmissivity distribution and induces a better reproduction of the
observed drawdowns, with a coarser partitioning of the model that would be needed with an

equivalent porous medium model. The contrast existing in a coupled model also allows for
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more details in the background of the model (matrix), whereas in equivalent porous media

models the distinction between structures (fracture/conduit) and matrix is less clear.

The DNDI method can be applied to other types of hydraulic data simply by adapting the
forward problem and the data used in the inversion. For example it could be possible to lead a
same type of modeling with drawdown curves in a time domain, or with oscillatory response in
a frequency domain (as proposed in Fischer et al. 2018b). Nevertheless, the DNDI method still
requires some improvement in order to provide more liberty in the structural optimization of
the network. With more liberty, the results could provide even better localization and
positioning of the fractures, without having to increase the partitioning of the model (which
leads to more computation time). Furthermore, at the moment this method has developed only

in 2D, and would require some additions to work in 3D.
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