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A B S T R A C T

Modeling groundwater flow using physically based models requires knowing the geometry of the karst conduit
network. Often, this geometry is not accessible and unknown. It is therefore crucial to be able to model it.
This paper presents pyKasso, an open-source Python package that generates those geometry based on a pseudo-
genetic approach. The model accounts for multiple data sources: a 3D geologic model, the position of known
inlets and outlets, the statistical distribution of fractures or inception features, and known base levels. This
approach simplifies previously published work by considering a 3D anisotropic fast marching algorithm. The
paper presents the structure of the code and explains in detail how it can be used from the most simple 2D
situation to a complex 3D case.
1. Introduction

One of the most important features when modeling groundwater
flow and solute transport in karst aquifers is to account for the pres-
ence of a network of karst conduits that are often well-connected
over long distances and constitute fast pathways (Ford and Williams,
2007). Among the various existing approaches to simulate flow and
solute transport in karst aquifers, this paper considers the Discrete Con-
duit Network (DCN) and Combined Discrete-Continuum (CDC) mod-
els (Kovács and Sauter, 2007; Hartmann et al., 2014). In these ap-
proaches, the flow equations are solved in karst conduits explicitly
represented as a network of one-dimensional numerical elements. In the
DCN approach, the matrix is not considered while in the CDC approach,
the conduits are embedded in a (possibly fractured) matrix that is
itself discretized. The matrix can be heterogeneous and the network
of conduits can have properties varying in space. The DCN or CDC ap-
proaches are implemented in several numerical codes such as Modflow-
CFP (Shoemaker et al., 2008; Reimann and Hill, 2009; Reimann et al.,
2023), Modflow-USG and CLN (Kresic and Panday, 2018; Duran and
Gill, 2021), Feflow (Diersch, 2013; Berglund et al., 2020), Groundwa-
ter (Cornaton, 2007; Vuilleumier et al., 2013), DisCo (de Rooij et al.,
2013; Dall’Alba et al., 2023) or openKARST (Kordillaa et al., 2025).
To be applicable, all the DCN and CDC models require a geometri-
cal description of the network of conduits: a Discrete Karst conduit
Network or DKN. It is analogous to the concept of Discrete Fracture
Network (DFN) frequently used for fractured systems (Cacas et al.,
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1990; Erhel et al., 2009; Hyman et al., 2015). The DKN terminology
is not yet widely adopted by the scientific literature: only the Ph.D.
thesis of Giese (2017) and a few papers (Fernandez-Ibanez et al., 2019;
Gouy et al., 2022, 2024) employ it. But as reviewed below, many papers
have been published in the last 10 years which aim at generating DKNs.
It is therefore time, in our opinion, to use the DKN terminology more
widely and to distinguish it clearly from the DCN and CDC models. The
DKN model refers to the generation and the geometry of the discrete
conduits. It is different from the DCN or CDC models, which refer to
how the flow equations are solved (Kovács and Sauter, 2007). The two
models are linked because the DCN and CDC models require first a DKN
model.

The construction of a DKN can be based on the knowledge of the
actual geometry of the karstic conduits when this is available
(Worthington, 2009; Vuilleumier et al., 2019). However, in many prac-
tical cases, the exact geometry of the network of conduits is unknown
and therefore, a preliminary step is to build a model to simulate or
generate the geometry of the conduits. Different techniques exist. They
can be roughly classified into two main groups: process-imitating and
structure-imitating models.

The process-imitating or process-based models represent the physics
and chemistry of the formation of karst conduit networks (speleogene-
sis) using reactive transport models (Dreybrodt et al., 2005; de Rooij
and Graham, 2017; Cooper and Covington, 2020). They model the
long-term evolution of the karst conduit network and can generate
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complex patterns. They are used to analyze and understand the coupled
rocesses that occur during the formation of karst conduit networks.
heir aim is generally not to produce a DKN for further studies.

The structure-imitating models do not solve explicitly those equations
nd instead, they aim to reproduce the structures of the conduit net-

work using simplifying assumptions. This last group of methods is very
diverse and corresponds to what can be considered the core of the DKN
approach. It includes purely statistical methods, rule-based, or pseudo-
genetic techniques: for example cellular automaton models (Jaquet
t al., 2004; Fischer et al., 2016; Escobar et al., 2021), self-avoiding
ercolation invasion (Ronayne and Gorelick, 2006; Ronayne, 2013),

spatial statistics methods (Pardo-Igúzquiza et al., 2012; Erzeybek et al.,
2012; Viseur et al., 2015; Le Coz et al., 2017), truncation of Gaussian
random fields (Rongier et al., 2014; Schiller and Renard, 2016), con-
ceptual approaches such as KARSYS (Jeannin et al., 2013; Malard et al.,
2015), simulation based on graph theory and shortest path (Collon-
Drouaillet et al., 2012; Gouy et al., 2024), sub-networks of percola-
tion clusters (Hendrick and Renard, 2016), computer graphics tech-
iques (Paris et al., 2021), or dynamic graph dissolution (Kanfar and
ukerji, 2023). Among the pseudo-genetic methods, the Stochastic

Karst conduit Simulation (SKS) method was introduced by Borghi et al.
(2012); it is capable of generating an ensemble of DKN models to
represent uncertainty. It integrates a 3D geologic model representing
the geometry of the aquifer, a 3D model of the main faults, and a
stochastic discrete fracture network model. Helped by a hierarchical
fast-marching algorithm, it also identifies plausible paths through the
fractured carbonate formation between known or simulated inlets and
outlets. SKS assumes that the conduits are created by water flow-
ing from inlets to outlets and dissolving the rock matrix to generate
the network along the path. SKS is therefore designed to simulate
karstic networks corresponding to epigenic speleogenesis (De Waele
and Gutiérrez, 2022). The method was not designed for hypogene
systems or pre-structuration by ghost rocks. SKS has been used for

ultiple case studies (Vuilleumier et al., 2013; Sivelle et al., 2020;
Fandel et al., 2022; Banusch et al., 2022; Dall’Alba et al., 2023; Fandel
et al., 2023). One limitation that was identified by Fandel et al. (2022)
s that the simulated DKNs were not influenced by the geometry (slope
nd orientation) of the rock formations in which they were simulated.
he networks were not following the successive syncline and anticline
tructures that were known to control the network in the study area of
he Gottesacker system in Germany (Fandel et al., 2022). To overcome
his limitation, the isotropic fast marching that was used in the orig-
nal SKS algorithm has been replaced by an anisotropic version. This
llowed the inclusion of preferential directional information to better
rient the network. A similar idea has been proposed by Luo et al.

(2021) who also used the anisotropic fast marching to represent the
anisotropy of the underlying DFN. Using this approach they were able
to generate DKNs influenced by the local orientation of the fracture
networks.

This paper introduces a new open-source Python package that im-
plements for the first time in 3D the work initiated by Fandel et al.
(2022) in 2D. An important new contribution of the present paper is a
ew method for the simulation of the network in the vadose zone. In the
riginal SKS algorithm, Borghi et al. (2012) had to split the simulation

domain into two parts: the vadose zone and the phreatic zone, to ensure
that the simulated conduits were sub-vertical in the vadose zone. The
simulation of the conduits was done in two steps. We propose in this
paper to use the anisotropic fast marching (Sethian, 2001; Mirebeau
and Portegies, 2019) to orient the anisotropy in the vadose and phreatic
zones differently. This allows computing the complete path from an
inlet on the topographic surface to the outlet through both the vadose
and phreatic zones in one single step. As it relies on the general
principles of SKS, the code is designed to simulate epigenic karstic
networks in carbonate formations. But, the code is pretty flexible since
it can handle any 3D geological model and the user can change the
2

parameters (density of fractures, number of inlets or outlets) to create
networks displaying different degrees of karstification. Because of its
flexible nature, it is also possible to model a single or multiple phases of
karstification. Several previously published examples show a variety of
situations that can be modeled with this approach. This paper presents
this novel and simplified approach and demonstrates its efficiency.
Furthermore, the paper provides a detailed description of the structure
of the code in Section 3 and shows in Section 4 how it can be used to
generate karst conduit network models of increasing complexity.

2. General principle of SKS

The Stochastic Karst conduit Simulation (SKS) approach is designed
to integrate different sources of geologic and hydrogeologic data. A
detailed description of the concept and algorithm is given in Borghi
et al. (2012) for the original algorithm and in Fandel et al. (2022) for
its anisotropic extension in 2D. This paper provides therefore only a
apid overview of the method to help the reader understand what are
he required input and how the algorithm functions. The main inputs
or SKS are:

• the location of the inlets (for example dolines) and outlets
(springs) obtained from surface mapping or a model of their
statistical distributions;

• a discretized 3D geologic model (voxet) providing a 3D descrip-
tion of the location of the various geologic formations and faults
in the study area;

• the statistical input parameters of a discrete fracture network
model representing the fractures in the study area or DFN sim-
ulations obtained from an external code;

• if available, a surface, or a constant altitude, representing the
boundary between the vadose and phreatic zone.

The overall workflow is illustrated in Fig. 1. Based on the input data,
SKS generates an initial 3D propagation field containing cost values
stored in a 3D voxet. The cost is inversely related to karstifiability.
The propagation field represents therefore the spatial distribution of
the susceptibility of karstification in the domain. Different types of
inception features can be given explicitly. Some rocks are for example

ore susceptible to karstification than others. The faults can be more
ermeable than the geologic layers and therefore more susceptible
o karstification. The fractured areas have also more chances to be
arstified than the non-fractured areas.

Once the propagation field is defined, it is used as input for the
ast marching algorithm (FMA) (Sethian, 1996) that computes the

propagation of a front that travels from the output locations through
the domain until it covers it entirely. The result is a 3D field of travel
times (Fig. 1).

Knowing the positions of some randomly selected inlets and one or
ore outlets (also possibly randomly selected), the result of the fast
arching algorithm is used to find the fastest path (particle tracking,

n Fig. 1) between these inlets and outlets by following the highest
radient of time.

Note that the FMA algorithm is applied from the output locations
and not from the inlet locations because it is numerically the most
fficient way to find the shortest path from all the considered inlets
o the outputs in one single step.

A central idea in SKS is that the conduits are not formed simul-
aneously but iteratively, leading to a hierarchical structure. This is
escribed in detail in Borghi et al. (2012) and has been extended

by Fandel et al. (2023). The procedure is as follows. All inlets and
outlets are added progressively. Only a part of the inlets and outlets
are used at each iteration. The conduit geometries obtained in a given
iteration are used to update the propagation field for the next iteration.
This allows the creation of hierarchical networks as well as to account
for several phases of karstification since at each iteration, the newly
generated conduits tend to connect preferentially to already existing
conduits.
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Fig. 1. Schematic representation of the main loop of SKS in which the conduits are generated iteratively (Borghi et al., 2012). FMA stands for Fast Marching Algorithm.
For each model run, SKS can generate different fracture network
models, different locations for the unknown inlets or outlets, and
different sequences of inlets/outlets during the simulation procedure. In
this manner, the algorithm generates an ensemble of stochastic conduit
networks.

The following sections of the paper present the implementation of
SKS in the pyKasso package and explain how to use the code.

3. The pyKasso package

3.1. Design and structure

PyKasso is an object-oriented Python package. Fig. 2 illustrates the
general organization of the package and the relationships between
the main classes. PyKasso is composed of three main sub-packages:
model, analysis, and visualization embedded in one central
sub-package core. The Application class from the core sub-package
acts as an interface from which all pyKasso functionalities can be
accessed. Following a project-oriented approach, data and simulations
are organized in separate folders. The Project class, from the core sub-
package, contains all the relevant information concerning the current
project and the corresponding simulations. The Project type object is
also accessible from the other sub-packages. This design allows access
to the sub-packages from one place and facilitates communication
between them, the project, and the user. Practically, a project is defined
by a project directory location and a grid defining the location, the
extent, and the definition of the simulated system. Simulations will be
stored in this dedicated folder.

Each sub-package plays a specific role. Their functionalities are
accessible from a set of classes. The SKS class from the model sub-
package is responsible for the karst conduit network modeling. It
constructs the geologic model, pilots the fast-marching algorithms, and
outputs karst conduit networks. It relies on the NumPy (Harris et al.,
2020) and pandas (pandas development team, 2020) Python packages.
The Analyzer class from the optional analysis sub-package allows
to compute post-processing operations on the resulting karst conduit
networks. Using the Karstnet and NetworkX (Hagberg et al., 2008)
3

Python packages, it computes statistical metrics (Collon et al., 2017)
from the network geometry to evaluate the plausibility of the results
in comparison to real datasets. The Visualizer class from the optional
visualization sub-package allows visualization of the resulting
simulated karst conduit networks using visualization libraries such as
Matplotlib (Hunter, 2007) and PyVista (Sullivan and Kaszynski, 2019).

These three tasks have been implemented in separate sub-packages
to ensure better code maintenance, readability, and efficiency. More-
over, the package design is conceived such that the visualization and
post-processing sub-packages are optional. The following section will
mainly describe how the model sub-package works to model karst
conduit networks.

3.2. Workflow

Fig. 3 presents the general workflow of pyKasso. From setting the
model parameters to analyzing the results, it has been designed to be
easy to use in Python Notebooks or scripts and to allow users to have
maximum control over the simulation parameters.

After importing the pyKasso package, a new instance of the Ap-
plication class from the core sub-package is created by calling the
pykasso function. It returns an Application object that will be used
to manage the project and the simulations.

1 # Import the pyKasso package
2 import pykasso as pk
3

4 # Create a pyKasso application
5 app = pk.pykasso()

To use the embedded sub-packages, a Project instance from the
core sub-package must first be created or loaded within the appli-
cation. The new Project is declared with the new_project method
by providing a project name and a Python dictionary to describe the
grid used to represent the studied system as input parameters. The
name and the type of the parameters required to construct the grid are
described in Table 1. The grid resolution must be fine enough to resolve
the most important features controlling the geometry of the network.
Still, it must be sufficiently coarse to allow fast computing time, limited
memory storage, and simplifying the problem in a meaningful manner.
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Fig. 2. Overview of the UML class diagram of the pyKasso package. SKS, Analyser and Visualizer are the most important classes. They are accessible via the sub-packages
model, analysis, and visualization.
Fig. 3. General workflow for modeling karstic conduit networks.
1 # Create a dictionnary storing the grid
2 # parameters for the ongoing project
3 grid_parameters = {
4 ’x0’: 0, ’y0’: 0, ’z0’: 0,
5 ’nx’: 50, ’ny’: 50, ’nz’: 10,
6 ’dx’: 10, ’dy’: 10, ’dz’: 10}
7

8 # Declare the project parameters
9 app.new_project(name=’Tsanfleuron’,

10 grid_parameters=
grid_parameters)

11

12 # Display the project attributes
13 app.project

If the project_name does not point to an already-existing folder,
then the new_project method will create a new directory located
and named according to the provided argument. This operation also
defines the project attribute in the Application instance, storing
4

the project properties within the instance of the Project class. Finally,
the following directory tree and files will be created within the project
folder.

project_directory
inputs

parameters.yaml
outputs

simulations
project.yaml
project.log

The inputs subfolder should be used to store the input data
files for the studied system, but this is not mandatory. The outputs
subfolder contains all the model outputs. Because pyKasso can simulate
karst conduit networks in three dimensions, memory usage can become
a limiting factor. Memory consumption depends on the dimensions
of the grid and can therefore be limited by the RAM capacity when
multiple simulations are generated. To address this issue, the simula-
tion results are stored on the disk in subfolders within the outputs
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Table 1
Name, type, and description of pyKasso grid parameters.

Parameter Data type Description

x0 float X-coordinate of center point of bottom left cell.
y0 float Y-coordinate of center point of bottom left cell.
z0 float Z-coordinate of center point of bottom left cell.
nx int Number of cells in the x-axis.
ny int Number of cells in the y-axis.
nz int Number of cells in the z-axis.
dx float Cell length in the x-axis.
dy float Cell length in the y-axis.
dz float Cell length in the z-axis.

Table 2
Name, type, and description of pyKasso project attributes.

Attribute Data type Description

name str Name of the project
description str Description of the project
creation_date str Date of creation of the project
pykasso_version str pyKasso version used during the creation

of the project
grid Grid Grid instance used for the simulations
core dict Dictionary storing paths
n_simulations int Number of simulations already computed
simulations list Locations of the folders of the

simulations

directory after computation. It is then possible to split the multiple
simulations into several steps to overcome that limitation. The param-
eters of the Project instance, like the grid parameters, the number of
simulations, or even the pyKasso package version are stored in a YAML
data structure within the project.yaml file. Table 2 lists the names,
types, and definitions of the attributes stored in the Project instance.
The project.log file stores all the operations achieved by pyKasso
once the project is created or loaded. If an issue occurs, pyKasso will
keep a trace of it within this log file. The file is updated each time a
new simulation is computed.

A previously created project can be reloaded with the
pen_project method.

1 # Load an already created project
2 # and create an instance of the Project

class
3 app.open_project(name=’paper’)

Within the project directory, provided as an argument, pyKasso will
automatically seek for the project.yaml file to load and set the
roject again.

Once the project is created or loaded, the three sub-packages can be
used. The analysis and visualization sub-packages require that
some simulations have been previously generated. A new karst conduit
network can be simulated with the generate method from the SKS
nstance from the model sub-package stored in the model attribute.

1 # Generate one simulation with default
parameters

2 app.model.generate()
3

4 # Retrieve number of simulations
5 app.project.n_simulation
6 > 1
7

8 # Retrieve localisation of simulations
9 app.project.simulations

10 > [’/path/to/simulation’]
At that stage, the project contains one simulation located in the

folder described in the simulations attribute.
By default, if the generate method is called without any parame-

ters, pyKasso will load the default parameters.yaml parameter file
5

d

Table 3
Name, type and description of sks key parameters.

Parameter Data type Description

seed (int) Seed used to initialize the pseudorandom number
generator of numpy. Fixing a seed allows the results
of a simulation to be reproduced. By default, a
random value is drawn.

algorithm (str) Type of fast marching algorithm used during
simulation. Valid values: ‘Isotropic3’,
‘Riemann3’. By default, the ‘Isotropic3’
algorithm is selected.

costs (dict) Default travel costs dictionary used to build the travel
cost map during the fast marching phase.

located in the inputs subfolder. Otherwise, simulation parameters
are provided through a custom Python dictionary or by pointing to a
custom YAML file. Those parameters are defined in the next section.

3.3. Defining the model parameters

The model parameters are defined via a Python dictionary. This
tructure offers a high degree of flexibility. This subsection explains the
urpose of each key that the user can define in the model parameters
ictionary and how they can be set. Each key corresponds to a specific
eature modeled by pyKasso, usually with numpy arrays and pandas
ataframes.

3.3.1. Sks
The optional sks key accepts as input value a dictionary that

escribes the general settings for the SKS model. Table 3 lists all the
arameters available for this key. The seed parameter is an integer
efining a random seed for the numpy Random Generator module.
his parameter ensures the reproducibility of the results of a simula-
ion. It is also possible to define sub-seeds for the generation of the
racturation and the inlet and outlet positions. If those seeds are not
efined, this seed parameter acts as the master seed of the simulation
nd automatically generates the sub-seeds. The algorithm parameter
ndicates which algorithm will be considered during the fast-marching
hase. The ‘Isotropic3’ option will use the isotropic algorithm
hile ‘Riemann3’ will use the anisotropic algorithm.

The costs parameter defines the fast marching costs. Table 11 in
the appendix lists the keywords available and their associated default
values.

If the sks key is not provided or remains empty, pyKasso will pick
a random seed, select the ’Isotropic3’ algorithm, and keep the
efault travel cost dictionary.

The following code shows two ways to define the model parameters
nd then run the DKN simulation with this sks parameters.

1 # Declare the model parameters
2 my_sks_parameters = {
3 ’sks’ : {
4 ’algorithm’ : ’Isotropic3’,
5 ’cost’ : {
6 ’faults’ : 0.4,
7 ’fractures’ : 0.2
8 }
9 }

10 my_sks_parameters[’sks’][’seed’] = 182712
11 app.model.generate( model_parameters =

my_sks_parameters )
The first lines (2 to 9) define a dictionary to store the model

parameters in which the type of FMA algorithm is set to Isotropic3.
The default cost values are modified for the faults and the fractures
to indicate that the fractures will be more susceptible to karstification
than the faults. In line 10, a different syntax is used to set the seed
arameter for the generation of random numbers within the predefined
ictionary, before launching the simulation in line 11.
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Table 4
Name, type and description of inlets and outlets parameters.

Parameter Data type Description

number (int) Total number of inlets (or outlets) taken into account during simulation. If the data parameter is not provided, pyKasso will
stochastically generate the required number of outlets. If the data parameter points to a list of points or to a file storing a list
of points, pyKasso will pick the required number of points starting from the first element. If the list is too short, pyKasso will
stochastically generate the missing points. If pyKasso needs to generate points, it will generate them accordingly to the
subdomain and geology parameters.

data (str, list) Filename pointing to a list of 2D or 3D points, or list of 2D or 3D points representing outlet locations.

shuffle (bool) A boolean flag to shuffle the outlets order if set to True. By default, the value is set to False

importance (list) List describing how the outlets (or inlets) should be distributed during the hierarchical iterations of the DKN simulation. By
default, the value is set to [1].

subdomain (str) Name of the subdomain where outlet generation will occur. Table 10 in the Appendix lists all the available options for
subdomains. By default, the value is set to ‘domain_surface’.

geology (list) List of the geologic formations (codes) where outlet (or inlet) generation shall occur. The codes must match with declared
geology parameters.

seed (int) Random seed for outlet (or inlet) generation.
a
t
c

c
r
D

3

o
e

3.3.2. Inlets and outlets
The inlets and outlets input parameters must be defined by

he user. They are set by specifying a dictionary containing the list of
nlets and outlets used during the network generation. The locations of
hese points can be set by giving a list of 2D or 3D positions or by
ndicating pyKasso to generate them stochastically. Both approaches
an also be combined. Table 4 lists all the parameters available for

those keys. If the parameters are not set, pyKasso will return an error.
As explained earlier, the conduits are generated iteratively in order

o obtain a hierarchical structure.
The simulation is divided in a number 𝑛𝑖 of iterations. 𝑛𝑖 is automat-

cally calculated by pyKasso. At each iteration, 𝑖 = 1,… , 𝑛𝑖, a group of
utlets is taken as starting points for the fast marching algorithm, and a
roup of inlets is taken as starting points for the particle tracking. The
nlets will connect to one of the current outlets during that iteration.
ach inlet is used (by default) only once. The user controls how pyKasso
plits the inlets and outlets into groups and defines how they are treated
y setting the importance parameters for the inlets and outlets.
hese parameters take a list of integer values as input.

For the outlets, the length of the importance list corresponds to
he number of groups of outlets considered simultaneously during one
teration. The value of each element in the list corresponds to a weight.
he weight divided by the sum of all the weights gives the proportion
f outlets that will be included during one iteration. For instance, an
mportance factor of [1, 2, 3] means that the outlets are subdivided

nto three groups. The first group contains 1∕6𝑡ℎ of the outlets, the
econd group 2∕6𝑡ℎ = 1∕3𝑟𝑑 and the last group the remaining 3∕6𝑡ℎ or
alf of the outlets.

For the inlets, the principle is the same. The inlets are split into
roups using the importance parameter. The number of iterations 𝑛𝑖
quals the product of the length of the importance parameter lists
or the inlets and outlets.

Note that if the length of the importance list for the inlets
contains only one value, but the number of outlet groups is 2, the code
divides the inlets into two groups of inlets: one for each iteration.

Fig. 4 illustrates how the importance parameters influence the
simulation.

Fig. 4a shows the case with outlets.importance = [1] and
nlets.importance = [1]. Only one iteration is used to compute

he fast marching from the 3 outlets. All the paths for the simulation
f the conduits are computed independently from the inlets to the
utlets. There is no hierarchy, every inlet will be connected to the

closest outlet via a single direct path. Fig. 4b shows the case with out-
ets.importance = [1] and inlets.importance = [1, 1].
his parameterization corresponds to two iterations. In both iterations,

all the outlets are taken (there is only one single group of outlets).
During the first iteration, half of the inlets are used and will connect di-
rectly to the closest outlet. Then during the second iteration, the second
6

half of the inlets are used and because the cost map has been modified
fter the first iteration, the trajectory of the new conduits starting from
hese second group of inlets, will be affected by the already existing
onduits creating a tree-like structure. Fig. 4i shows the case with
outlets.importance = [1, 1, 1] and inlets.importance
= [1, 1, 1]. Now, the number of iterations is equal to 9. Each outlet
is used in two iterations, and the inlets are divided into nine groups.
By alternating the outlets, new types of structures including loops (or
ycles) are generated. This example shows how the importance pa-
ameters can be used to control globally the structure of the simulated
KN.

3.3.3. Domain
By default the domain in which the DKN is computed is the full

D Grid object defined earlier. However, in many situations, one
has to restrict the domain’s extension. This can be done by using the
ptional domain key. It takes a dictionary as an argument. The specific
xtension of the region where the karst conduits can be generated can

be defined with a dictionary of four optional keys (see details in Table 9
in the Appendix):

• The delimitation key allows defining the lateral (horizontal)
extension of the domain, corresponding to the maximum exten-
sion of the karst aquifer catchment area. It requires a list of 2D
points defining a polygon. This data can be provided either via
an external file or as a Python list of points.

• The topography key permits defining the upper boundary of
the simulation domain. It usually corresponds to the digital ele-
vation model (DEM).

• The bedrock key permits limiting the base of the study area. It
usually corresponds to the top of the underlying insoluble basal
bedrock or basement. For the sake of brevity, in the following and
in the code, the word bedrock is used to denote this basal surface.

• The water_table key can be set to delineate the spatial ex-
tension of the boundary between the vadose zone in which the
conduits are preferentially sub-vertical and the phreatic zone in
which the conduits are preferentially sub-horizontal. It corre-
sponds to a base level at a certain stage of karstification. It is
possible for complex systems, to loop over different stages of
karstification and change the paleo base levels to model these
systems (see for example Banusch et al. (2022)).

The inputs for these three last attributes must represent a 2D
surface. Such surface can be defined either from an external file (see
Table 5 for the supported file formats) or directly from a custom 2D
numpy array. Some examples of the usage of the domain are given in
Examples 2 and 3 in Sections 4.2 and 4.3.



Environmental Modelling and Software 186 (2025) 106362F. Miville et al.
Fig. 4. Examples of simulations illustrating the sensitivity of the algorithm to the importance parameters. In all the simulations, the number and location of the outlets (orange
dots) and inlets (blue dots) are identical. The only differences are the importance parameters. The importance parameter for the outlets is [1] for the first row, [1,1] for the
second row, and [1,1,1] for the last row. The importance parameter for the inlets is [1] for the first column, [1,1] for the second and [1, 1, 1] for the last column. See the
text for the discussion of the results.
Table 5
List of currently supported file formats.

Parameter Type Supported formats

delimitation List txt, csv

topography
bedrock
water_table

2D array txt, csv, gslib, vox, npy, tif, asc

geology
structure
fractures

2D array
3D array

txt, csv, gslib, vox, npy

Formally, within pyKasso the domain is defined as an indicator
matrix 𝐼 :

𝐼(𝑖, 𝑗 , 𝑘) =
{

0 𝑜𝑢𝑡𝑠𝑖𝑑 𝑒 𝑡ℎ𝑒 𝑚𝑜𝑑 𝑒𝑙
1 𝑖𝑛𝑠𝑖𝑑 𝑒 𝑡ℎ𝑒 𝑚𝑜𝑑 𝑒𝑙 (1)

with 𝑖, 𝑗 and 𝑘 the Grid indices.
If the domain key is not provided, pyKasso will ignore this feature.

If the domain key is used and some of its parameters are not filled in,
pyKasso will set those values to None.
7

3.3.4. Geology
Geology is used within pyKasso as the keyword to describe the ge-

ologic model. This model provides a three-dimensional representation
of the geological units that are relevant for karstification.

Within the domain of interest, karst conduit networks are preferen-
tially formed in geological units containing certain rock formations and
lithologies that are susceptible to karstification. When this information
is available, the user can pass it to the SKS algorithm by setting the
components of the geology dictionary.

The codes describing the geological units are stored in a regular
three-dimensional array 𝐺 (voxet) having the dimension of the 3D Grid
of the domain. For each cell of the voxet the geology is defined by a
code 𝑔:

𝐺(𝑖, 𝑗 , 𝑘) = 𝑔 (2)

where 𝑔 = 0,… , 𝑁𝑔 represents the units (or rock formations, or
lithology) and 𝑁𝑔 is the number of geological units in the model. The
value 0 stands for the absence of rock and therefore cannot be used to
describe a geological unit. When the geological model is not provided
by the user, pyKasso assumes that the lithology is identical everywhere
and assigns the default value from the fast marching costs dictionary.

Table 6 lists all the parameters that can be set in the geology
dictionary. The data parameter can be set either to a predefined
variable containing a 3D numpy array, or the name of an input file
(see Example 3 in Section 4.3 and Table 5).
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Table 6
Name, type and description of geology key parameters.

Parameter Data type Description

data (str, np.ndarray) Filename pointing to a 2D or 3D model, or a 2D or 3D numpy array representing the geologic model. Each geologic unit is
identified by a code. If the geologic model is 2D and the grid is 3D, it will be replicated in the direction defined by the axis
parameter.

names (dict) Dictionary assigning each geologic unit a name. By default, each identified unit is named unit_n with 𝑛 the number identifying
the geologic unit.

costs (dict) Dictionary assigning each geologic unit a specific travel cost for the fast marching algorithm. By default, each identified unit will
get the value of the default travel cost set for geology.

model (dict) Dictionary assigning each geologic unit a Boolean value. If the value is True, the geologic unit will be taken into account
during the simulation, otherwise not. By default, the value is set to True.

axis (str) Direction in which the model should be replicated (extended) if it is provided as 2D model. This is useful when only a geologic
map, or a vertical section is given to build a simple 3D models assuming that the map or cross section does not change
significantly in the perpendicular direction. This mode works only if the dimensions of the input 2D array match the
corresponding dimensions of the side of the 3D Grid. Valid values: ‘x’, ‘y’, ‘z’. By default, the value is set to ‘z’.
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For each code representing a rock unit and identified in the model,
a name can be attributed with the help of a dictionary using the names
key. Following the same principle, the costs key allows to attribute
a specific fast marching cost to a given rock formation, and the model
key allows the inclusion or exclusion of a rock unit in the simulation
with Boolean values.

Note that a 2D geological model can also be provided to PyKasso as
 2D vertical cross-section or a 2D map. PyKasso can then extend this
D model in a 3D grid but the user must specify the orientation of the
D model using the axis key (see details in Table 6).

3.3.5. Faults and other geological features
In addition to the geological units describing the types of the rock

formations, the user can provide a 3D model of known structures that
an influence the karstification. These objects can be major faults cross-
ng the domain, or any other important features such as bedding planes,
nconformities, thrust systems, or alteration corridors that have been
apped and modeled in 3D. These features when they are susceptible

o enhance the karstification are named inception features, or regional
nception features if they have a significant spatial extent (Filipponi
t al., 2009). Some of these features can also act as barriers to ground-
ater flow and influence the karstification process. In pyKasso, and for

he sake of brevity, all these features are grouped within the optional
aults dictionary (even if they are not actual faults). Following the
pproach previously described for the rock unit model, each of these
eatures can be represented by an integer value stored on a 3D grid. If
he parameter is not set, pyKasso uses an array full of zeros. Table 12

in the Appendix lists all the parameters that can be set in the faults
ictionary.

3.3.6. Fractures
The fractures parameter is also optional. It allows for generat-

ing stochastic sets of fractures, joints, or bedding planes expected to
influence the karstification process. Again, for the sake of brevity, the
terminology fractures is used for all the planar features that pyKasso
generates using a stochastic process. The parameter describes the orien-
tation, distribution, length, and susceptibility to karstification of these
local inception features. The fractures parameter takes a dictionary
as input to describe the joint sets within the rock unis that should
be taken into account by SKS. Following the principle used for rock
formations and faults, each joint set is identified by an integer code.
If the fractures parameter is not set by the user, pyKasso uses an
array full of zeros and will not account for the joint set. The keys of
the fractures dictionary (Table 13 in the Appendix) are similar to
hose introduced in the geology and faults subsections.

But an additional generate key is available for the fractures.
It allows generating the stochastic Discrete Fracture Network (DFN)
based on the given parameters. The generate key takes as input a
ictionary with joint sets names as keys. Each key requires a dictionary
ith parameters defining the way pyKasso should simulate the fractures
8

for that fracture set. Table 7 lists those parameters. A set of parameters
controlling the dip, orientation, length, and density of the generated
ractures is available.

As an alternative, it is also possible to import a DFN generated
utside of pyKasso. The user must specify the file or numpy array
ontaining the DFN using the data key.

Section 4.1 shows an example of the setup of a DFN with two
families of fractures.

The DFN generator coded in pyKasso is rather simple and aims only
t generating fractures that will influence the geometry of the DKN

when no better DFN is available. The aim is not to model the complete
fracture system that one can observe on a real site but to model the
fractures that influence significantly the DKN.

In pyKasso, a joint set is defined by its density, orientation, dip, and
length. The fracture set density parameter 𝑑𝑖 corresponds to the number
of fractures per unit area. Based on this parameter, the mean number
of fractures 𝜆𝑖 of the 𝑖 family is computed by multiplying the fracture
density 𝑑𝑖 by the surface of the domain 𝑆:

𝜆𝑖 = 𝑑𝑖 ⋅ 𝑆 (3)

Then for each realization of a DFN, the number of fractures to simulate
is drawn from a Poisson distribution:

𝑝(𝑘) = 𝑃 (𝑋 = 𝑘) = 𝜆𝑘𝑖
𝑘!

⋅ 𝑒−𝜆𝑖 (4)

Without any constraints, the fracture locations are simply drawn
from a uniform distribution that covers the extension of the simulation
grid. Orientation, dip, and length are then randomly generated from
he user-defined statistical distribution. Each parameter expects a list
f two elements representing the range in which the simulated values
hould occur. The available statistical distributions are given in Table 8.

If the selected statistical distribution requires additional arguments,
hese must be declared in the dictionary defining the fracture family.

The von Mises distribution (see Table 8) requires the parameters
𝜇 (the mean direction of the distribution) and 𝜅 (a shape parameter
reflecting the measure of concentration). These are automatically cal-
culated by pyKasso. The 𝜇 parameter is directly computed as the mean
between the minimum angle 𝜃𝑚𝑖𝑛 and the maximum angle 𝜃𝑚𝑎𝑥:

𝜇 =
𝜃𝑚𝑖𝑛 + 𝜃𝑚𝑎𝑥

2
(5)

The 𝜅 parameter is calculated from the variance of the von Mises
istribution (see Eq. (6)). The standard deviation 𝜎 is defined as the
hird of the difference between the maximum angle and the mean
ngle:

𝜎 =
𝜃𝑚𝑎𝑥 − 𝜇

3
(6)

This approach ensures that 99.7% of the angles are drawn between the
user indicated range. The value of 𝜅 is then numerically solved from:

𝜎2 = 1 − 𝐼1(𝜅) (7)

𝐼0(𝜅)
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Table 7
Name, type and description of generate parameters from the fractures key.

Parameter Data type Description

density (float) Fracture density = number of fractures per unit area (𝑚2). It corresponds to the P20 parameter as defined by
Dershowitz and Herda (1992).

orientation (float, list) Azimuth of the fracture strike orientation in degrees. The user can either give a constant value, that will be used
for all the fractures, or a range of values given in a list [minimum, maximum].

orientation_distribution (str) Type of statistical distribution used to generate the fracture orientations. Table 8 lists the available options. By
default, ‘vonmises’.

dip (float, list) Dip value or dip range in degrees. As for the orientation, the user can provide a constant value or a [min, max]
range via a list.

dip_distribution (str) Type of statistical distribution used to generate the fracture dips. By default, ‘vonmises’.

length (float, list) Length of the fractures in the strike direction. The user can provide a constant value or a [min, max] range via a
list.

length_distribution (str) Type of statistical distribution used to generate fracture lengths. By default, ‘power’.
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Table 8
Statistical distributions available for the generation of the DFN.

Value Type Parameters Probability distribution function

uniform Uniform No 𝑓 (𝑥) =
{

1
𝑏−𝑎

for 𝑎 ≤ 𝑥 ≤ 𝑏,
0 for 𝑥 < 𝑎 or 𝑥 > 𝑏.

vonmises Von Mises No 𝑓 (𝑥 ∣ 𝜇 , 𝜅) = 𝑒𝜅 cos(𝑥−𝜇)

2𝜋 𝐼0 (𝜅)
power Truncated

power law
alpha 𝑓 (𝑥 ∣ 𝑥𝑚𝑖𝑛 , 𝑥𝑚𝑎𝑥) = (𝛼−1)⋅𝑥−𝛼

𝑥−𝛼+1𝑚𝑖𝑛 −𝑥−𝛼+1𝑚𝑎𝑥

Where 𝐼0(𝜅) and 𝐼1(𝜅) are the modified Bessel function of the first kind
respectively of order 0 and order 1.

Once the DFN is simulated, it is rasterized on the Grid to obtain a
matrix of indicator values indicating the presence of fractures in the
grid cells following the approach used for the geologic formations or
the faults. When several fractures cross the same cell, pyKasso keeps
only the one with the lowest cost for the FMA.

3.4. Computing the karstic conduits

When the parameters are set, pyKasso can proceed to the computing
f the karst conduit network. The algorithm follows the methodologies
escribed in Borghi et al. (2012) and Fandel et al. (2022). This section

shows how the main steps are implemented in pyKasso and the aspects
that the user should know.

3.4.1. Conceptual model
Once all the parameters concerning the geologic features previously

described have been defined, loaded, and modeled using numpy arrays,
Python list, and Python dictionaries, they are all stacked in a concep-
tual model. This new object defines how each geologic feature is taken
into account in the final simulation. Fig. 5 illustrates this operation.

he figure shows that the rock types, faults, and fractures are given
as independent arrays. The conceptual model is obtained by stacking
these arrays. When different pieces of information are overlapping, the
faults have the higher priority and will be kept preferentially, then the
fractures, and finally the rock type.

To check how the conceptual model has been setup, the numpy ar-
ray conceptual_model, stored in the app.model object, contains
the result and can be visualized (Fig. 5). Furthermore, the Pandas table
onceptual_model_table, stored in the same object and summa-

rizing the main features taken into account during the simulation, can
be accessed after the simulation.

3.4.2. Karst conduit network simulation
From the conceptual model, the main task is to compute the prop-

gation field and run the fast marching algorithm (FMA) to obtain a
ime map from which the karst conduit network will be derived. To get
 DKN having a hierarchical structure, the previous step is iteratively
9

repeated. Inlets and outlets are distributed among the iterations using
the importance and per_outlet parameters. The results of the
irst iterations are transferred to the successive ones.

The user can decide to use an isotropic or anisotropic propagation
ield, by selecting the type of algorithm in the sks parameters (see

Table 3). For the isotropic case, the cost is given in all the cells of the
rid as a local scalar. For the anisotropic case, the same scalar is used,
ut to obtain an anisotropy tensor, pyKasso needs, in addition, a local
otated coordinate system defined by three orthogonal unit vectors, and

the local anisotropy ratio.
For each simulation, the following steps are iteratively executed:

1. Define the scalar cost map: This step follows what is described
in detail in Borghi et al. (2012). The values of the conceptual
model representing each feature are transformed into their re-
spective FMA cost. The operation is only carried out during the
first iteration. In subsequent iterations, the cost map is updated
only to account for the karst conduits generated in the previous
iteration. The resulting cost map is then appended to a list for
checking, if needed.

2. Define the anisotropy cost tensor: If the anisotropy mode
is selected, a propagation field containing spatially varying
anisotropy tensors must be defined. This was presented in 2D
in Fandel et al. (2023). It is extended here in 3D. The anisotropy
tensors are defined using the spatially varying scalar cost map
given above, anisotropy ratios, and orientation vectors that are
different in different regions of the domain. This is different
from what was proposed by Luo et al. (2021) who define the
anisotropy tensor based on the equivalent permeability tensor
computed from the DFN. Here, the tensor is defined differently.
In the vadose zone (above the water_level surface and below
the topography), the first principal direction of anisotropy is
vertical. The cost in that direction is minimal. The two other di-
rections are perpendicular to the first one and are therefore lying
within the horizontal plane. The cost in these two directions is
identical and higher than the one in the vertical direction. This
leads to the formation of conduits that are preferentially vertical
in this region. At the bottom of the vadose zone along the
insoluble basal bedrock surface, the anisotropy tensor is oriented
such that the minimal cost is given in the direction of the
maximum slope of the bedrock. This is to favor the formation of
conduits following the steepest slope at the interface between the
karstifiable rock formation and the underlying not karstifiable
bedrock. All the cells located two grid cells above the bedrock
have this type of anisotropy. Then, the remaining cells in the
phreatic zone are considered isotropic to let the karst conduit
network develop following the geologic heterogeneity and be
oriented toward the outlets.

3. Fast marching algorithm: Once the propagation field is de-
fined, the time map is calculated by applying the fast marching
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Fig. 5. Illustration of the construction of the conceptual model: (a) Geologic model of three uniform units stacked horizontally; (b) Fault model of two vertical faults crossing
perpendicularly; (c) Discrete fracture model; (d) Conceptual model with the geology overlapped by the fractures, and then overlapped by the faults.
algorithm (Mirebeau and Portegies, 2019) first. The streamlines,
or particle paths, are then computed from the current inlet to
the current outlet using the gradient of the time map. During this
stage, the streamlines are extracted and transformed to construct
the karst conduit network of that iteration. The karst conduit
network is then voxelized into the 3D grid to update the cost
map for the next iteration or for further post-processing and
visualization.

A complete simulation is calculated each time the generate
method is called. To generate multiple simulations, the generate
method can be integrated into a loop, with a parameter dictionary as
an argument. To get results independent from the previous simulation,
the settings of the dictionary must be edited after each simulation. For
instance, this snippet showcases how to change the number of outlets
within a for loop of three iterations:

1 outlets = [10, 20, 30]
2 for n in outlets:
3 parameters[’outlets’][’number’] = n
4 app.model.generate(parameters)

At the end of every simulation, pyKasso stores each feature in a
dictionary and saves it in the results.pickle file. This file is
stored in the root of the folder corresponding to the current simulation
index. If the whole data from the simulation is exported, the results
file can become very large. For example, for the Tsanfleuron case study
(Section 4.3), the grid contains 7.6 million cells. The pickle file has a
size of 1.8 Gb. But all this information is mainly useful for controlling
and checking the results. If we are only interested in the final DKN
in vectorial form, the file size for this example is around 200 Kb,
which is very small. The Project object is also updated at the end of
each simulation. The value of the n_simulations attribute is incre-
mented, and the location of the folder of the simulation is appended in
the simulations attribute. Finally, the project.yaml is exported
with the new attribute values.
10
Ultimately, the memory used by the simulation is not flushed away.
Because I/O operations are time-consuming in Python, a memoization
step optimizes memory usage between two successive simulations.
By comparing the current simulation parameters dictionary with the
previous one, only the parts where modifications are required are
updated.

4. Examples

This section presents three examples to illustrate how to define the
parameters and run pyKasso for modeling DKNs. The first example is
a very basic 2D case illustrating the minimal configuration that can be
used. The second example is slightly more complex. It showcases the
differences in results obtained in 3D with the isotropic and anisotropic
fast marching options. The final example shows the application of
pyKasso to a real field site: the Tsanfleuron aquifer in Switzerland.

4.1. Example 1: 2D simulation of karst conduits in a fractured karstifiable
rock unit

For this example, the aquifer is assumed to be two-dimensional
and homogeneous. There is one known outlet and one known inlet
with both fixed positions. The fractures are simulated in a stochastic
manner. The full code of this example is available on the pyKasso
GitHub repository.

4.1.1. Setting up the parameters
After the creation of a new pyKasso application, a two-dimensional

grid of 300 by 300 cells and the name of the new project ’exam-
ple_01’ are defined using the following code snippet:

1 # Import the pyKasso package
2 import pykasso as pk
3

4 # Create a pyKasso application
5 app = pk.pykasso()
6

7 # Declare the grid parameters
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8 grid_parameters = {
9 ’x0’: 0, ’y0’: 0, ’z0’: 0,

10 ’nx’: 300, ’ny’: 300, ’nz’: 1,
11 ’dx’: 10, ’dy’: 10, ’dz’: 10,
12 }
13

14 # Declare the project parameters
15 app.new_project(name=’example_01’,

grid_parameters=grid_parameters)

The smallest configuration that can be used in pyKasso consists of
defining only the inlet and outlet options. If the other components of
he geologic model are not defined, then pyKasso automatically uses the
efault values for them. The code below defines the dictionary of the
odel parameters. The inlet is located at the center of the left edge (𝑥 =
, 𝑦 = 1500) and the outlet at the center of the right edge of the domain
𝑥 = 2990, 𝑦 = 1500). Since there is only one inlet and one outlet,
he simulation will not be hierarchical and the lists of importance
eights for the inlets and outlets contain only a 1 for both cases. For

he fractures, the generate option calls the internal DFN generator.
wo families of stochastic fractures are defined. The orientations are
onstant for each family with an azimuth of 135 degrees for the first
ne and 45 degrees for the second. They are both vertical. The lengths
re also different for the two families. The second family has longer
ractures (500 m) than the first one (300 m).
1 # Declare the model parameters
2 model_parameters = {
3 ’sks’ : {},
4 ’outlets’ : {
5 ’data’ : [[2990, 1500]],
6 ’number’ : 1,
7 },
8 ’inlets’ : {
9 ’data’ : [[0, 1500]],

10 ’number’: 1,
11 }
12 ’fractures’ : {
13 ’generate’: {
14 ’family_01’: {
15 ’density’ : 0.00005,
16 ’orientation’ : 135,
17 ’dip’ : 90,
18 ’length’ : 300,
19 },
20 ’family_02’: {
21 ’density’ : 0.00005,
22 ’orientation’ : 45,
23 ’dip’ : 90,
24 ’length’ : 500,
25 }
26 }
27 }
28 }

4.1.2. Running the simulations
Once the dictionary containing the parameters is defined, the code

below shows how to generate 100 stochastic simulations with a for
oop. The computing time is about 1 min for generating a hundred
imulations on a laptop (Intel i7 processor) running under Windows

10. At each iteration, the same global model parameters are used as
arguments for the generate method. To ensure the reproducibility
of the results, the seed is set for each simulation as a function of the
iteration number. If we need to generate again one specific simulation,
it is sufficient to call the generate method again with the same seed.

1 # Compute 100 simulations in a row
2 for i in range(100):
3 model_parameters[’sks’][’seed’] = i
4 app.model.generate(model_parameters=

model_parameters)
11
4.1.3. Visualizing and analyzing the results
The visualization sub-package offers a set of methods to dis-

play the results. For this example, only the methods used to visualize
2D results are presented. Other methods will be discussed later.

The code snippet below illustrates how the mpl_plot_2D method
can be used to generate two-dimensional maps of the different quanti-
ties used and computed by pyKasso. The mpl_plot_2D method plots
the results of the last simulation in 2D. The feature argument allows
to select which quantity must be plotted. Since this function is based on
the matplotlib imshow function, all the usual options of imshow
can be employed using the argument imshow_option. This is illus-
trated for example to select a binary colormap (’cmap’:’binary’).

1 # Plot the last simulated karstic conduit
network

2 app.visualizer.mpl_plot_2D(feature=’karst’,
3 imshow_options={’

cmap’: ’binary’},
4

scatter_inlets_options={},
5

scatter_outlets_options={})
6

7 # Plot the discrete fracture model
8 app.visualizer.mpl_plot_2D(feature=’

fractures’,
9 imshow_options={’

cmap’: ’binary’})
10

11 # Plot the cost array
12 app.visualizer.mpl_plot_2D(feature=’cost’,
13 imshow_options={’

cmap’: ’binary’})
14

15 # Plot the travel time array
16 app.visualizer.mpl_plot_2D(feature=’time’,
17 imshow_options={’

cmap’: ’binary’})

Fig. 6 shows the resulting figures. Fig. 6a depicts the simulated karst
conduit network. It was generated from the blue point representing the
nlet and found its way through the fractured media to reach the outlet
epresented by the orange point. The conduit geometry is influenced
y the fracture pattern (Fig. 6b), but also by the contrast of the travel
ost of the matrix and the fractures (Fig. 6c). Here the contrast is equal

to 2, but a smaller contrast would favor a conduit geometry that would
be more straight between the inlet and outlet. A higher contrast would
lead to a geometry even more influenced by the fractures (see Borghi
et al. (2012) for some examples). Finally, the time map (Fig. 6d) is
computed by the fast marching algorithm from the cost map and the
location of the outlets. A gradient descent is applied on this map to
determine the trajectory of the karst conduits. All these maps can be
visualized by the user to check intermediate calculations if needed
when constructing a DKN.

With the help of the analysis sub-package, one can also cal-
culate the map of the probability of occurrence of a conduit. Since
he conduits are rasterized on the grid and represented by an in-
icator function for each simulation (0 means no conduit, 1 means
he presence of a conduit), it is sufficient to average all the maps of

the rasterized karst conduit networks to compute this probability. To
compute this average, the code snippet below shows that one can use
the compute_stats_on_networks method of the analysis sub-
package to compute the mean of the indicator functions. It is also
possible to obtain other statistics by changing the argument with the
name of an another function supported by numpy. For instance, with
numpy_algorithm=’median’, the methods will return the median
array of all the simulations. Then the visualization is made with the
mpl_plot_array_2D. The mpl_plot_array_2D method differs
from the mpl_plot_2D method in that it is a static method. It can be
used independently from the project to plot any array.



Environmental Modelling and Software 186 (2025) 106362F. Miville et al.
Fig. 6. Examples of outputs from the results of the last simulation: (a) Karst conduit network; (b) Generated fracture model; (c) Travel cost map; (d) Time map calculated by the
fast marching algorithm.
1 # Compute the mean of all the simulated
karstic networks

2 probability = app.analyzer.
compute_stats_on_networks(
numpy_algorithm=’mean’)

3 extent = app.project.grid.extent
4 imshow_options = {
5 ’extent’ : extent,
6 ’cmap’ : ’binary’,
7 ’vmin’ : 0, ’vmax’ : 0.1}
8 app.visualizer.mpl_plot_array_2D(array=

probability ,
9

imshow_options=imshow_options)

Fig. 7 shows such a result with 100 simulations. Far away from the
known inlet and outlet, the probability becomes very rapidly small, but
the width of the region in which the conduit could be observed is rather
well defined by this map. These results depend on the assumptions
made for the calculation (parameters of the DFN model and cost
contrast).

4.1.4. Retrieving the results
The results of the simulations are accessible from the model sub-

package. For each simulation, the results are stored in attributes within
the SKS instance located in the model attribute of the app instance.
According to the output settings, the results are also saved in the
sub-directory corresponding to the current simulation.

All the input arrays used by the fast marching algorithm to com-
pute the karst conduit network are stored in the maps attributes
from the model sub-package. For instance, the array representing
the DKN from iteration 𝑖 can be retrieved with the ’karst’ key:
app.model.maps[’karst’][i]. All the other variables can be
retrieved in the same way through the maps attribute.
12
Fig. 7. Probability of occurrence of a conduit computed from 1000 simulations. The
probability is the highest close to the inlet and outlet. It rapidly decreases but becomes
negligible for 𝑦 below 700 and higher than 2300.

1 app.model.maps.keys()
2 > [’outlets’, ’nodes’, ’cost’, ’alpha’, ’

beta’, ’gradient’, ’time’, ’karst’]
3 karst = app.model.maps[’karst’][0]
4 time = app.model.maps[’time’][0]

4.2. Example 2: 3D simulation of karst conduits including a water table

The second example illustrates how to set a basic three-dimensional
model including a water table to separate the vadose and phreatic
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Fig. 8. Conceptual model for Example 2. The 3D domain includes an non-karstifiable
basal bedrock and a karstifiable formation separated by an inclined surface sloping
from 300 m of altitude on the west side to 100 m of altitude on the east side. A
horizontal groundwater surface located at an altitude of 200 m separates the phreatic
from the vadose zone within the karstifiable unit.

zones. This example highlights the differences in results obtained using
the isotropic and the anisotropic fast marching algorithm. The full code
is available on the pyKasso GitHub repository.

4.2.1. Setting up the parameters
As for the previous example, after the creation of a new pyKasso

application, a three-dimensional grid and a name are declared. The only
difference with the previous example is that the vertical extension of
the grid is discretized in 50 horizontal layers (𝑛𝑧 = 50).

1 # Define the grid parameters and the project
2 grid_parameters = {
3 ’x0’: 0, ’y0’: 0, ’z0’: 0,
4 ’nx’: 100, ’ny’: 100, ’nz’: 50,
5 ’dx’: 10, ’dy’: 10, ’dz’: 10
6 }
7 app.new_project(name=’example_02’,

grid_parameters=grid_parameters)

The conceptual model in this example is illustrated in Fig. 8. The
3D domain is a rectangular box. The top surface is the topography of
the system. The domain is divided into two parts: the upper part corre-
sponds to a rock formation susceptible to karstification, and the lower
part is a non-karstifiable rock formation or insoluble basal bedrock.
The boundary between these units is a perfect plane sloping toward the
east from 300 m of altitude on the west side of the domain to 100 m
on the east side. The boundary between the vadose and phreatic zone
(water table) is a horizontal plane set at 200 m of altitude. This level
is assumed to be fixed during the karstification phase, and corresponds
to the final position of the groundwater base level. The water table
boundary cuts the top of the bedrock right in the middle of its vertical
and lateral extension. Ten inlets are randomly drawn at the surface of
the model, while one outlet is purposely drawn within the phreatic zone
at the surface of the insoluble basal bedrock.

A simple way to implement this conceptual model in pyKasso is to
define the top bedrock and the water table surfaces using numpy arrays.
The code snippet below shows how the two arrays can be created using
standard numpy methods. The arrays must have the same horizontal
extension as the 3D grid. They can also be imported from external data,
or interpolated from field data with any technique before being used in
pyKasso. The resulting bedrock and water_table arrays are then
used directly in the model parameters as shown below. Another novelty
in this code snippet is the generation of random inlets. In this situation,
it is very simple, the user has just to provide the number of inlets. Since
13
the coordinates are not given, they will be simulated randomly on the
top surface of the domain. By providing the seed in the parameters and
keeping it constant, it is possible to see the impact of the modification
of the other parameters on the final results while keeping the locations
of the simulated inlets fixed. Later, if needed, the seed can be changed
to analyze the impact of this source of uncertainty on the results.

1 # Construct the bedrock elevation
2 bedrock = np.linspace(300, 100,

grid_parameters[’nx’])
3 bedrock = np.repeat(bedrock[:, np.newaxis],

grid_parameters[’ny’], axis=1)
4

5 # Construct the water table
6 grid_shape = app.project.grid.shape[:2]
7 water_table = np.full(grid_shape , 200)
8

9 # Declare the model parameters
10 model_parameters = {
11 ’sks’ : {
12 ’seed’ : 1
13 },
14 ’domain’ : {
15 ’bedrock’ : bedrock,
16 ’water_table’ : water_table
17 },
18 ’outlets’ : {
19 ’seed’ : 1,
20 ’number’ : 1,
21 ’subdomain’: ’bedrock_phreatic’,
22 },
23 ’inlets’ : {
24 ’seed’ : 1,
25 ’number’: 10,
26 }
27 }

4.2.2. Running and visualizing the simulations
For this example, only two networks are simulated: one with the

isotropic fast marching algorithm and one with the anisotropic version.
As explained before, because the seed for generating the inlets is kept
identical for the two simulations, their locations remain the same.
The pv_show method (based on the pyvista package (Sullivan and
Kaszynski, 2019)) is used to visualize the three-dimensional results.

1 # Compute 1 simulation with isotropic and 1
simulation with anisotropic fast
marching algorithm

2 for algorithm in [’Isotropic3’, ’Riemann3’]:
3 model_parameters[’sks’][’algorithm’] =

algorithm
4 app.model.generate(model_parameters=

model_parameters)
5

6 # Print out 3D results
7 app.visualizer.pv_show(simulations=[0, 1],

features=[’karst’])

Fig. 9 shows the results of these two simulations. In the isotropic
case, pyKasso does not account for the vadose zone: the conduits
follow the shortest path in the three-dimensional domain which are
straight lines from the inlets to the outlet. In the anisotropic case, the
figure shows three types of paths. In the vadose zone, the conduits
run vertically downwards until they reach the bedrock surface or the
water table. When they reach the bedrock, they follow the bedrock
slope until they finally reach the water table. When the conduits enter
the saturated zone below the water, the cost becomes isotropic and
the conduits run straight to the outlet. The location of the spring is
unusual, but it was chosen on purpose to illustrate the behavior of the
anisotropic algorithm.
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Fig. 9. Karst conduit networks simulated with the isotropic (a) and anisotropic (b) fast marching algorithms. The orange surface represents the top of the non-karstifiable bedrock
and the blue transparent surface represents the water table. The complete code to reproduce this figure is available on the GitHub repository.
Among the results, the positions (𝑥, 𝑦, 𝑧) of the inlets and outlets are
stored in the pandas DataFrame inlets and outletsaccessible from
the model sub-package.

1 inlets = app.model.inlets
2 outlets = app.model.outlets

4.3. Example 3: the tsanfleuron aquifer

In this last example, a DKN model is constructed using a real
data set. The following text explains how to import a geologic model,
delimit a watershed, define the faults, and create a DFN based on
statistical observations. We also show how to define the inlets and
outlet parameters to produce the DKNs.

4.3.1. Geologic and hydrogeologic context
The study site is located in the Diablerets Massif (Schoeneich and

Reynard, 2021) in the Swiss Alps. It is bounded on the West by the
summits of Les Diablerets and Becca d’Audon Olderon and on the east
side by the Sanetsch path. A karstic aquifer of Barremian-Aptian age
(Urgonian formation) and belonging to the Helvetic nappes outcrops
in most of the area. It is partly covered (and fed) on the upper part
by the Tsanfleuron glacier (Neven et al., 2021) and is drained on its
southeastern side by the Glarey spring (Gremaud et al., 2009; Gremaud
and Goldscheider, 2010). However, even though cave exploration is
active in the area, the main karst conduit network that brings water
from the catchment to the Glarey Spring is still unknown.

The following will illustrate how pyKasso can be used to construct
DKN models for this situation. The work relies on previous geologic and
hydrogeologic studies (e.g. Gremaud et al., 2009; Gremaud and Gold-
scheider, 2010; Measday, 2021). The 3D geologic model, the inventory
of possible inflow locations, main faults, and statistical distributions for
the main fracture families were constructed and assembled by Measday
(2021).

4.3.2. Setting up the parameters
The 3D grid is defined with the following parameters.

1 grid_parameters = {
2 ’x0’: 2582750, ’y0’: 1127767, ’z0’:

1000,
3 ’nx’: 394, ’ny’: 193, ’nz’: 100,
4 ’dx’: 20, ’dy’: 20, ’dz’: 20
5 }
6 app.new_project(project_name=’example_03’,

grid_parameters=grid_parameters)
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The resolution is coarse (20 m 𝑥 20 m 𝑥 20 m) as compared to the
expected dimensions of a single conduit (a few meters). However, it
is sufficient to describe the structure of the system and the possible
occurrence of a conduit within a cell. With around 7.6 million cells,
this model is already rather large. It needs around 5.7 Gb of RAM and
less than 4 min of computing time for generating one simulation on a
laptop (Intel i7 processor) running under Windows 10. Note that the
memory management is such that RAM usage does not increase with
the number of simulations since the results are stored on the disk in a
separate file after each simulation.

The geologic model was built (Measday, 2021) using geologic and
tectonic maps, structural measurements (strike and dip), a set of ge-
ologic sections, and 3D interpretations. The model includes the main
faults that can be identified on the topographic surface. The faults
are interpolated in 3D as surfaces controlled by their traces on the
surface and geologic sections, and by structural data. It is assumed
that their tiplines have an elliptical shape (Calcagno et al., 2008).
The 3D geologic model (rock formations and faults) is exported from
GeoModeller as a regular grid in a .vox file. This is an ASCII file
containing in each line the coordinates of the cells and an integer value
representing the rock formation. To import that file, pyKasso provides
a data reader object. The following snippet illustrates how the .vox file
can be loaded by pyKasso.

1 # Create a data reader object
2 dr = pk.DataReader(grid=app.project.grid)
3

4 # Load geologic model
5 filename = input_dir + ’tsanfleuron_geology.

vox’
6 df = dr.get_dataframe_from_file(filename)
7 geology = dr._get_data_from_vox_df(df)

The correspondence between the integer code and the names of
each rock unit is given with a dictionary. If some keys are not given in
the dictionary, pyKasso will use a default name based on the geologic
key. The travel costs for the SKS algorithm of each rock unit are given
with the same method, again if no value is provided, pyKasso will use
the default travel cost for rock units (see Table 11). To declare which
units should be considered or ignored during the simulation, another
dictionary associating each rock unit key with a boolean value must be
set. By default, pyKasso consider all the units. The code below shows
how all these parameters were set and then stored in the dictionary
model_parameters.

1 # Set names
2 geology_names = { -9999: ’Out’, 0: None, 1:

’UHNappe’, 2: ’Dogger’,
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3 3: ’Malm’, 4: ’Berriasian’, 5: ’
LateBerriasianValanginian’,

4 6: ’Hauterivian’, 7: ’EarlyBarremian’,
8: ’Urgonian’,

5 9: ’Eocene’, 10: ’Wildhorn’}
6

7 # Set costs
8 geology_costs = {8: 0.4, 9: 0.4}
9

10 # Set model
11 geology_model = { -9999: False,
12 0: False, 1: False, 2: False, 3: False,
13 4: False, 5: False, 6: False, 7: False,
14 8: True, 9: True, 10: False}
15

16 model_parameters = {}
17 model_parameters[’geology’] = {
18 ’data’ : geology,
19 ’names’ : geology_names ,
20 ’costs’ : geology_costs ,
21 ’model’ : geology_model ,
22 }

The same procedure applies for the faults. The grid containing the
faults and all the relevant parameters are added to the
odel_parameters dictionary. Note that the code below does not
efine specific costs for specific faults. pyKasso will use the same
efault values for all of them. But, following the example given above
or the rock units, it is also possible to indicate that different faults have
ifferent susceptibilities to karstification processes with different cost
alues.

1 # Load faults model
2 filename = input_dir + ’tsanfleuron_faults.

vox’
3 faults = dr.get_data_from_file(filename)
4

5 # Set names
6 faults_ids = list(range(21))
7 faults_names_ = [’Chevauchement’, ’NEESOO1’,

’NEESOO2’, ’NESO1’,
8 ’NESO11’, ’NESO2’, ’NESO22’,

’NESO3’, ’NESO32’,
9 ’NESO4’, ’NESO42’, ’NESO43’,

’NESO44’, ’NESO5’,
10 ’NESO6’, ’NESO7’, ’NOOSEE1’,

’NOOSEE2’,
11 ’NOOSEE3’, ’NS2’, ’OE1’]
12 faults_names = {faults_id: faults_name for (

faults_id , faults_name) in zip(
faults_ids , faults_names_)}

13

14 model_parameters[’faults’] = {
15 ’data’ : faults,
16 ’names’ : faults_names ,
17 }

For the simulation of the DFN, the statistics were inferred from field
observations. Four main fracture families have been identified for the
Urgonian formation. These fractures are assumed to be sub-vertical.
The distribution of their length is based on the measurement of trace
lengths from aerial photographs and high-accuracy digital elevation
models. The statistical parameters of these distributions were estimated
by Measday (2021). Note, that small fractures (< 20 m) are discarded
from the distributions. We only account for fractures longer than the
resolution of the grid. In the ’settings’ parameter dictionary, each
fracture family is declared by its name as key followed by a dictionary
of settings controlling the fracture generation. By default, the von Mises
statistical distribution is used for the orientation and dip distributions

Table 8).
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and the truncated power law for the length distribution (
1 model_parameters[’fractures’]: {
2 ’settings’: {
3 ’family_01’: {
4 ’density’ : 4.5e-5,
5 ’orientation’ : [32, 86],
6 ’dip’ : 90,
7 ’length’ : [20, 400],
8 ’alpha’ : 1.4,
9 },

10 ’family_02’: {
11 ’density’ : 1.2e-5,
12 ’orientation’ : [146, 196],
13 ’dip’ : 90,
14 ’length’ : [20, 130],
15 ’alpha’ : 1.2,
16 },
17 ’family_03’: {
18 ’density’ : 4.5e-5,
19 ’orientation’ : [98, 163],
20 ’dip’ : 90,
21 ’length’ : [20, 740],
22 ’alpha’ : 2.1,
23 },
24 ’family_04’: {
25 ’density’ : 2.8e-5,
26 ’orientation’ : [72, 115],
27 ’dip’ : 90,
28 ’length’ : [20, 160],
29 ’alpha’ : 1.8,
30 }
31 }
32 }

The position of the outlet corresponds to the location of the Glarey
spring, it is given in the text file Outlet_ModeleG.txt. The posi-
tions of the inlets correspond to a set of points where tracers have been
njected and a connection with the inlet has been shown (Gremaud

and Goldscheider, 2010). All these locations are provided in the file
Inlet_ModeleG.txt. The water table is set arbitrarily as a uniform
level of 1686 m slightly above the level of the Glarey spring. This is
assumed to correspond to the base level of the system but it is highly
uncertain since no direct observation of the boundary between the
vadose and phreatic zones are available in the area.

Finally, the model parameters are completed by defining the ran-
om seed, selecting the Riemann3 algorithm (see Section 3.3.1 for

details) for the anisotropic fast marching, and defining the anisotropy
ratio to 10%.

1 model_parameters.update({
2 ’outlets’ : {
3 ’data’ : [ [2589373., 1128641.] ],
4 ’number’ : 1,
5 ’subdomain’ : ’domain_surface’,
6 },
7 ’inlets’ : {
8 ’data’ : ’tsanfleuron_inlets.txt’,
9 ’number’: 22,

10 ’importance’: [1, 1, 2],
11 },
12 ’domain’ : {
13 ’water_level’ : water_table ,
14 },
15 ’sks’ : {
16 ’seed’ : 3333,
17 ’algorithm’: ’Riemann3’,
18 ’costs’: {’ratio’: 0.1}
19 },
20 })

Ten simulations are generated with identical parameters.

1 # Compute 10 simulations
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Fig. 10. Examples of outputs from the results of the last simulation: (a) Geologic model; (b) Faults model; (c) Generated fractures model of four different fracture families; (d)
Karst conduit network.
2 for i in range(10):
3 model_parameters[’sks’][’seed’] += 1
4 app.model.generate(model_parameters=

model_parameters)

For this model, the computing time is on the order of a few minutes
per simulation. Once the simulations are finalized, all the geologic
features can be retrieved by invoking their names as attributes from
the model sub-package. The code snippet below shows for example
how to obtain the numpy arrays describing the geology, the fractures,
and the faults.

1 geology = app.model.geology.data_volume
2 fractures = app.model.fractures.data_volume
3 faults = app.model.faults.data_volume

All these features are stored as GeologicFeature objects con-
taining the arrays and dictionaries describing the data. The array
describing the corresponding features is stored in the data_volume
attribute. Accessing the model attributes following this approach allows
to obtain the input data or results of the last simulation. Figs. 10a, 10b
and 10c show respectively the rock units, the faults, and the simulated
fractures arrays.

Fig. 10d represents the DKN stored as a binary variable. But, before
being voxelized, the fast marching algorithm returns the DKN as a set of
nodes and edges representing the karst network as 3D lines. This data
structure can also be retrieved from the vectors dictionary attribute
with the following syntax.

1 nodes = app.model.vectors[’nodes’]
2 edges = app.model.vectors[’edges’]

The nodes dictionary associates a node key to a list of four ele-
ments {𝑖𝑛 ∶ [𝑥𝑖𝑛 , 𝑦𝑖𝑛 , 𝑧𝑖𝑛 , type]} describing the position of the node and
its type (inlet, junction, or outlet). The edges dictionary associates an
edge key with a list of two node keys {𝑗 ∶ [𝑖𝑛, 𝑖𝑚]} from the nodes
dictionary. This representation of the DKN corresponds to a graph in
the mathematical sense. Such a graph can be exported and used to mesh
the conduit network to solve flow and transport outside of pyKasso, for
example with MODFLOW-CFPY (Reimann et al., 2023).

The graph can also be used to compute statistics describing the ge-
ometry and topology of the graph. Such statistics have been studied and
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described in detail by Collon et al. (2017) or Jouves et al. (2017). The
analysis sub-package of pyKasso proposes several post-processing
functions to compute those statistics and evaluate the plausibility of the
simulated conduits. These functions call the Python package KarstNet1

and compute five statistical indicators related to the geometry of the
network such as the mean length of the branches, the coefficient of
variation of those lengths, the mean tortuosity of the network, or the
entropy of the orientations of the edges, as well as five topological
indicators such as the average shortest path length or the central point
dominance which provide information about the topological structure
of the graph. The same statistics have previously been computed on a
set of real karstic networks (Collon et al., 2017). If the computed values
for a given simulated network lie in the range of the values computed
for real networks, this is an indication that the simulated network is
plausible.

To conduct this analysis, the user can apply the following code
snippet.

1 df = app.analyzer.compute_metrics()
2 app.analyzer.compare_metrics(df)

The compute_metrics method is a wrapper for KarstNet. This
method returns a pandas DataFrame storing the computed statistics
for each simulation. The compare_metrics compare this DataFrame
with the values computed on real networks. It highlights each value
by coloring in green if the value for a simulated conduit is within the
observed interval and in yellow if it is outside (Fig. 11).

5. Conclusions and discussion

This paper introduced the details of pyKasso, a Python open-source
package for the generation of Discrete Karst conduit Networks (DKNs).
It is based on an improved version of the Stochastic Karst conduit
Simulation (SKS) algorithm (Borghi et al., 2012). As compared to
previous implementations of SKS in 3D, the use of the anisotropic fast
marching technique allows for directly generating the network while
accounting for the presence of the phreatic and vadose zones in a

1 https://github.com/karstnet/karstnet

https://github.com/karstnet/karstnet
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Fig. 11. Output from the compare_metrics method.
karst aquifer. This significantly simplifies the implementation of the
algorithm.

pyKasso has been designed to allow for easily modifying most of the
parameters and importing data from various file formats to facilitate
the user experience. Simple models can be constructed rapidly, and
the sensitivity of pyKasso to the parameters can easily be tested. For
more complex models, one can import components that are generated
by many different other algorithms. For example, the paper has shown
how a 3D geologic model constructed with GeoModeller can be im-
ported, but it is also straightforward to instead use a model constructed
with open source software such as GemPy (de la Varga et al., 2019)
(for complex geologic situations) or ArchPy (Schorpp et al., 2022) (for
simple situations), or any other commercial or open source geologic
modeling tool. For the DFN simulations, pyKasso proposes a simple
integrated tool but other more advanced packages such as DFNlab
(https://fractorylab.org/dfnlab-software/) or DFNworks exist (Hyman
et al., 2015) and can be employed to generate more realistic fracture
networks if needed.

One of the limitations of pyKasso is that it has been designed to
represent epigenic speleogenesis processes. Considering other types of
pre-structuration of the network such as ghost-rocks or hypogene pro-
cesses will require extending the pykasso framework. From a practical
perspective, it means that some typical karstic structures such as deep
sumps or highly labyrinthic networks may be difficult or impossible to
simulate with the current version of the code.

Another, more technical, limitation is the use of a regular voxel grid
to represent the 3D geology and its heterogeneity. This data structure
has a fixed spatial resolution and cannot be refined in places where
geometrical details may matter. This could be important in highly
deformed and fractured areas. However, so far, this data structure
has always been sufficient to represent the geologic situations that
were needed. This method has been applied in numerous case studies
and grid resolution has not been yet an issue. A related point is that
the computing time may be large when the grid resolution is fine.
Currently, the code is not compiled and not parallelized, this could be
improved in the future if needed.

Finally, thanks to Python interoperability and its open-source phi-
losophy, pyKasso is available on all major operating systems (Linux,
MacOS, Windows). It can rather easily be extended and improved. Sim-
ulating variable conduit diameters along the DKN has still to be added.
It should be straightforward using the method described by Frantz et al.
(2021). Accounting for internal facies heterogeneity within some geo-
logical formations can also easily be done by having spatially variable
costs correlated with a lithofacies model. PyKasso can also be used
in conjunction with other software such as Modflow-CFP (Reimann
et al., 2023), DisCo (de Rooij et al., 2013), or openKARST (Kordillaa
et al., 2025) to simulate flow and transport in the karstic system or
PEST (Doherty and Hunt, 2010) to identify model parameters in an
inverse approach.
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Appendix

Tables 9 to 13 provide detailed explanations for the keywords and
input parameters to control the definition of the modeling domain, the
subdomains, the fast marching algorithm, the faults, and the fractures.
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Table 9
Name, type and description of the key parameters used to define the modeling domain.

Parameter Data type Description

delimitation (str, list) Filename pointing to a list of points, or list of points modeling a polygon representing the horizontal delimitation of the model.
The nodes outside the polygon will be not considered during the simulation. By default, the value is set to None.

topography (str, np.ndarray) Filename pointing to a 2D model, or 2D numpy array representing the digital elevation model. If a topographic surface is
provided, the geologic model will be cut according to the surface values. All the nodes above the surface will be not considered
during the simulation. By default, the value is set to None.

bedrock (str, np.ndarray) Filename pointing to a 2D model, or 2D numpy array representing the bedrock elevation model. If a bedrock surface is provided,
the geologic model will be cut according to the surface values. All the nodes below the surface will be not considered during the
simulation. By default, the value is set to None.

water_level (str, np.ndarray) Filename pointing to a 2D model, or 2D numpy array representing the water level elevation. If a piezometric surface is provided,
the geologic model will consider a saturated and an unsaturated zone. All the nodes below the surface will be considered to
belong to the saturated zone. By default, the value is set to None.
Table 10
Name, type and description of the key parameters used to define the subdomains.

Name Description

domain
domain Cells located in the domain.
domain_surface Cells located at the upper interface between the domain and the outside zone.
domain_bottom Cells located at the lower interface between the domain and the outside zone.

borders
domain_borders Cells located at the interface between the domain and the outside zone.
domain_borders_sides Cells located at the interface between the domain and the outside zone, but only in the x- and y-direction.
domain_borders_surface Cells located at the upper interface between the domain and the outside zone, but only in the x- and y-direction.
domain_borders_bottom Cells located at the lower interface between the domain and the outside zone, but only in the x- and y-direction.

vadose
vadose_zone Cells located in the vadose zone.
vadose_borders Cells located in the vadose zone, at the interface between the vadose zone and the rest of the model, but only in

the x- and y-direction.

phreatic
phreatic_zone Cells located in the phreatic zone.
phreatic_surface Cells located in the phreatic zone, at the interface between the phreatic zone and the vadose zone.
phreatic_borders_surface Cells located in the phreatic zone, at the interface between the phreatic zone and the vadose zone, as well as the

outside zone.

bedrock
bedrock Cells located in the zone below the bedrock surface.
bedrock_ Cells located in the zone defined by the bedrock surface, with an additional two-cells layer in the upper z-direction.
bedrock_vadose Two-cells layer located above the zone defined by the bedrock surface and intersected by the vadose zone.
bedrock_phreatic Two-cells layer located above the zone defined by the bedrock surface and intersected by the phreatic zone.
Table 11
Key, associated default value, and description of the cost parameters controlling the fast marching algorithm.

Key default value Description

out 10 Travel cost of the cells outside the model boundaries, if defined.

geology 0.4 Travel cost of geologic model cells with no specified cost value.

faults 0.2 Travel cost of faults model cells with no specified cost value.

fractures 0.2 Travel cost of fracture model cells with no specified cost value.

karst 0.1 Travel cost of cells identified as containing a karstic conduit.

ratio 0.5 Ratio of cost applied during anisotropic fast marching defining the contrast in travel cost as a function of flow direction. It is
defined as the travel cost parallel to gradient divided by the travel cost perpendicular to gradient. If the ratio equals 1, travel
cost parallel and perpendicular to gradient are the same and describe an isotropic situation. If the ratio is lower than 1, travel
cost is lower parallel to gradient and conduit paths will follow steepest gradient. If ratio is bigger than 1, travel cost is lower
perpendicular to gradient and conduit paths will follow contours.
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Table 12
Name, type and description of faults key parameters.

Parameter Data type Description

data (str, np.ndarray) Filename pointing to a 2D or 3D model, or a 2D or 3D numpy array representing the faults model. It can be a binary model
representing all the faults, or a matrix where each fault is identified by an index. If the faults model is in 2D and the grid in 3D,
it will be replicated in the direction definite by the axis parameter.

names (dict) Dictionary associating for each fault a name. By default, each identified fault is named fault_n with 𝑛 the number identifying
the fault.

costs (dict) Dictionary associating for each fault a specific cost for the fast marching algorithm. By default, each identified fault will get the
value of the default travel cost set for faults.

model (dict) Dictionary associating for each fault a Boolean value. If the value is True, the specific fault will be taken in account during
simulations, otherwise not. By default, the value is set to True.

axis (str) Direction in which the model should be replicated if it is in 2D. For this to work, the dimensions of the 2D array must match
the corresponding side model dimensions. Valid values: ‘x’, ‘y’, ‘z’. By default, the value is set to ‘z’.
Table 13
Name, type and description of fractures key parameters.

Parameter Data type Description

data (str, np.ndarray) Filename pointing to a 2D or 3D model, or a 2D or 3D numpy array representing the fracture model. Each fracture family is
identified by an index. If the fracture model is in 2D and the grid in 3D, it will be replicated in the direction defined by the
axis parameter.

names (dict) Dictionary associating for each fracture family a name. By default, each identified fracture family is named family_n with 𝑛
the number identifying the fracture family.

costs (dict) Dictionary associating for each fracture family a specific travel cost for the fast marching algorithm. By default, each identified
unit will get the value of the default travel cost set for fractures.

model (dict) Dictionary associating for each fracture family a Boolean value. If the value is True, the specific fracture family will be taken in
account during simulation, otherwise not. By default, the value is set to True.

axis (str) Direction in which the model should be replicated if it is in 2D. For this to work, the dimensions of the 2D array must match
the corresponding side model dimensions. Valid values: ‘x’, ‘y’, ‘z’. By default, the value is set to ‘z’.

generate (dict) Dictionary containing the parameters to stochastically generate fractures family. Available parameters are described in Table 7.
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