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__________________________________________________________________________________________ 

Abstract: Computational fluid dynamic (CFD) calculations on geometrically complex domains 

such as porous media require high geometric discretization for accurately capturing the tested 

physical phenomena. Moreover, when considering a large area and analyzing local effects, it 

is necessary to deploy a multi-scale approach that is both memory-intensive and 

time-consuming. Hence, this type of analysis must be conducted on a high-performance 

parallel computing infrastructure. In this paper, the coupling of two different scales based on 

the Navier–Stokes equations and Darcy’s law is described followed by the generation of 

complex geometries, and their discretization and numerical treatment. Subsequently, the 

necessary parallelization techniques and a rather specific tool, which is capable of retrieving 

data from the supercomputing servers and visualizing them during the computation runtime 

(i.e. in situ) are described. All advantages and possible drawbacks of this approach, together 

with the preliminary results and sensitivity analyses are discussed in detail. 

Keywords: High-performance computing, Porous media; Interactive data exploration, 

Multi-grid-like solver, Parallel computing, Multi-scale approach, Hierarchical data structure.  

__________________________________________________________________________________________ 

1.  INTRODUCTION 

For preventing catastrophic flooding scenarios that might occur under certain atmospheric 

conditions or for predicting the behaviour of fluid flows after they percolate into underground 

soil layers, researchers must either rely on historical measurements of an event and their 

statistical interpretation or attempt to recreate the natural conditions under which the event 

usually occurs and simulate the outcome and consequences beforehand. Owing to the recent 

advancement in the performance of modern supercomputers, highly detailed computational 

fluid dynamics (CFD) simulations are now possible. This allows engineers to study complex 

problems and obtain insight into the nature of different fluid flows. One typical application is 

the simulation of large and complex geometries, such as porous media, which are addressed in 
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this paper. Such porous media can cover sufficiently large areas, often up to 1 km × 1 km. The 

classical approach toward solving this problem (e.g.[1-2]) entails the calculation of material 

properties such as local permeabilities based on measured transport quantities. Recently, 

several studies investigated the digital rock physics analyses (e.g.[3-4]). In this approach, only 

sieve curves or computer tomograms are taken from local soil samples and the flow properties 

are computed from these geometric data using Navier–Stokes simulations. Here, the advantage 

of a much simpler material testing process is coupled with the drawback of a dramatically 

increased computational effort, because the pore-level geometric scale must be taken into 

account. Using a grid of the complete computational domain uniformly refined up to the pore 

scale would result in a number of computational cells being too large by several orders for even 

the most advanced supercomputers. Hence, sophisticated approaches, such as multi-scale 

methods are inevitably necessary. In this paper, we present a multi-scale approach that allows 

users to compute data on different scales, ranging from a micro (pore) level (1 cm × 1 cm × 

1 cm), to a coarse meso level (1 m × 1 m × 1 m) for evaluation of the results, up to the coarsest 

macro level (1 km × 1 km × 1 km). Such multi-scale approaches have already been 

investigated by numerous researchers, e.g. in [5-17]. Nevertheless, compared with previous 

approaches, our approach benefits from the inclusion of an interactive tool based on the 

hierarchical data structure applied. This tools allows users to retrieve computed data from the 

server on any scale and visualise them during the computation runtime [18]. 

2.  PHYSICAL AND GEOMETRICAL MODELING 

This chapter presents the basic mathematical representations of two distinct models, followed 

by a description of the coupling procedure. Because there are numerous definitions of the 

presented laws, depending on the conditions under which the equations are applied, only the 

implemented formulations are described here. The scientific notation used throughout this 

article refers to the standard used in e.g. [1]; [19-20].  

On the basis of these three correlations, we apply a volume-averaging technique on the 

velocity and pressure fields calculated on the micro-scale, yielding the discrete values of the 

permeability k (see Fig. 1) on the macroscopic level. However, to ensure that the obtained 

values conform to the concept of porous media as continua on the macro-scale, a kriging 

interpolation method (also called Kolmogorov Wiener prediction) should be applied.  
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Fig. 1 Schematic representation of the coupling schema between a micro-scale domain (left) of 

typical size 1 m × 1 m × 1 m (with grid resolution h of O (1 mm) for the numerical treatment) 

and a macro-scale domain (right) of surface size 1 km × 1 km and hundreds metres in depth, 

accomplished via a meso-scale domain (centre) of fixed size that is equivalent to the size of an 

experimental pit on the macro-scale. 

The micro-scale domains are generated on the basis of real granulometric curves (see the 

example in Fig. 2 .), offering the potential to reproduce any porous media geometric 

properties and thereby capture accurate flow phenomena in numerical simulations.  

 

Fig. 2 A granulometric curve. 

In principle, the number of different diameter classes could be set to infinity. However, two 

factors should be considered in this process: a) the higher the number of different grain 

diameters, the better the sample packing, as small grains will tend to fill the gaps among the 

larger ones already positioned (see Fig. 3) and b) the higher the volumetric ratio of larger sand 

grains within the fixed porosity package, the higher the velocity within the fluid flow streaming 

profile due to the larger space between the spheres. 
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Fig. 3 Densely packed virtual test sample (left-hand side) produced using the in-house sphere 

generation code and a cut-off through the same sample (right-hand side), where it can be seen 

that several different diameter classes are packed inside. The domain is 1 m × 1 m × 1 m in size 

and contains more than 25,600 spheres, with diameters of 10-150 mm. 

The generation procedure is schematically illustrated in Fig. 4. On the left-hand side, a 

standard set-up of different sieves as commonly used in laboratories is shown.  

 

Fig. 4 Schematic representation of the sphere package generation, via an in-house code that 

considers the number of inserted spheres, their volumetric ratio to the total volume of solid 

particles and their distribution over the domain such each sphere touches at least one positioned 

sphere. For clarity, an explanation of the steps implemented, and an algorithmic formulation 

are provided below. 

Fig. 5 illustrates these two major components. The logical management grid depicted on 

the left-hand side starts with a root l-grid, located, per definition, at depth 0, which can be 

refined by ( ) in the respective directions. The resulting child l-grids can be refined again 

by ( ) until the desired depth d is reached. This process does not imply uniformity, i.e. an 

adaptive grid can be constructed by this procedure, as depicted on the right-hand side ofFig. 5.  

 

Fig. 5 On the left-hand side, a tree-like depiction of the logical data structure layout. Each mesh 

of the logical grid has a pointer to a data grid containing the actual data surrounded by a halo of 

ghost cells. On the right-hand side, an overlaid grid structure, in which the refined topological 

grids can be seen. 
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Namely, two grids with a different refinement ratio are set next to each other, as shown 

in Fig. 6 (top). To exchange data between these grids, they are separated in two uniform grids 

(see Fig. 6, bottom) and the corresponding ghost layer cells are generated in a straightforward 

manner.  

 

Fig. 6 Non-uniform grid (top figure) decomposed into two uniform grids using ghost cells 

generated for the data exchange (bottom figure).  

Fig. 7 shows the results for the measurement of one complete exchange of all ghost halos 

for different depths on a uniformly refined cubic domain. 

 

Fig. 7 Communication times [s] for a total ghost layer exchange of nine independent variables 

per cell on three supercomputing platforms, i.e. SuperMUC (Sandy–Bridge-based system at 

LRZ), Shaheen (BlueGene/P-based system at KAUST) and JuQueen (BlueGene/Q-based 

system at Forschungszentrum Jülich), for a 3D domain of fully refined l-grids with a 

refinement level (2,2,2) up to depth 8 and a d-grid size of (16,16,16), leading to up to 4, 

0963 cells on the deepest level (having a total of 78.5 billion cells and 707 billion variables to 

transfer) . 

Fig. 8 highlights such a multi-grid step in its most basic form, called a ‘v-cycle’. Starting on 

the finest grid on which the given Poisson equation should be solved (L1 in Fig. 8), a 

smoothing operation is performed α1 times, resulting in an approximated solution. Many 

iterative methods, such as Jacobi or Gauss–Seidel, have a smoothing effect on the 

high-frequency parts of the error if applied to discrete elliptic problems. 
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Fig. 8 Geometric multi-grid v-cycle solver concept. 

Fig. 9 reveals a strong speedup attained on two supercomputing systems 

(Sandy–Bridge-based and BlueGene/P-based) for solving a Poisson problem Δp=f,  which is 

necessary at every CFD time-step.  

 

Fig. 9 Strong speedup results for up to 139,008 processes on three supercomputing platforms 

SuperMUC (Sandy–Bridge-based system at LRZ), Shaheen (BlueGene/P-based system at 

KAUST) and JuQueen (BlueGene/Q-based system at Forschungszentrum Jülich), for a 3D 

domain of fully refined l-grids with a refinement level (2,2,2) up to depth 5, 6, 7, or 8 and a 

d-grid size of (16,16,16), leading to up to 4, 0963 cells on the deepest level (having a total of 

78.5 billion cells) . 

3.  APPLICATION CASE SET-UP 

The pressure and velocity fields are calculated as the standard output of such a simulation (Fig. 

10). The permeability tensor can be requested, offering a wide variety of options for further 

analyses with respect to the relation between the permeability itself and all other calculated or 

pre-set values of the tested domain. 
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Fig. 10 3D view of streamlines following the velocity field through an arbitrarily generated 

geometry (left-hand side) and 2D cut through the numerical domain generated with an adaptive 

refinement scheme as part of a voxelisation procedure (right-hand side). 

It can be seen in Fig. 11 that the computational domain is elongated in the direction of the 

dominant flow. The porous media sub-domain has a constant size of 1 m × 1 m × 1 m, leaving 

some empty space between the utmost left and right border, which should ensure an indirect 

influence of the pre-set boundary conditions. 

 

Fig. 11 A uniform (left-hand side) and an adaptive (right-hand side) refinement method applied 

on a physical geometry with a porosity value system = 55%. In the uniform case, the geometry 

is discretised into grids of the same size, resulting in 4,793,856 computing cells. In the adaptive 

case, the most detailed refinement is found around the inserted obstacles (sand grains), whereas 

the larger computing cells are positioned further away from the porous media kernel. (See also 

Fig.10, right-hand side). The latter results in a total 3,178,393 cells. The minimum cell size is 

identical in both depicted cases. 

For cases of both uniform and adaptive mesh refinement with an identical physical 

configuration according to Fig. 11, the total amount of cells in the generated numerical 

domain influences the simulation runtime, as can be observed in Fig. 12. As a result, the 

calculations for the tested set-ups are up to five times faster on the same number of computing 

processes.  

For validation purposes, experimentally and numerically obtained results must be compared 

to replace complex and costly laboratory-based measurements with simple and low-cost 

computations, fulfilling one of the long-term objectives of this project. In Fig. 13, two 

different testing samples were evaluated and compared to the experimental data .  
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Fig. 12 Comparison of results using two different refinement methods: uniform and adaptive 

(see example inFig. 11). For 10 different cases with predefined porosity values (depicted on 

the x–axis), both the number of total and solely fluid cells in the generated numerical domain 

are shown (upper figure). In the lower figure, the simulation runtime of all 10 cases is depicted. 

The adaptive refinement is observed to have much shorter runtimes than the uniform 

refinement. 

 

Fig. 13 Comparative analysis of the numerically obtained permeability results (depicted as 

coloured dots in the plot) to the experimentally measured values of permeability, and sorted 

into different ranges with respect to different material granulations. The obtained simulation 

results, granulometric size span and porosity values (which served as the basis for the geometry 

generation of the virtual test sample) are depicted in the table on the right-hand side. A good 

general concordance between the measured and computed data is observed. 

This variation influences the total number of spheres within the numerical domain as well as 

their spatial distribution; thus, the velocity field differed by case (see Fig. 15). To quantify the 

behaviour of the permeability parameters dependent on the chosen mesh size, five different 

numerical grids with different resolutions for the test sample of size 25 mm × 25 mm × 25 mm 

were introduced, as depicted in Fig. 14  
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Fig. 14 Meshes of different sizes used to compute the permeability values k [m2], resulting in 

4096 different values in the case of mesh 1 up to one single value in the case of mesh 5. These 

computed values are presented inFig. 16, showing the sensitivity of the permeability k to the 

chosen grid size within the meso-scale. 

 

Fig. 15 Cut through the computational domain of the four different physical set-ups. Different 

spatial distributions of sand grains are observed, leading to different velocity fields and 

influencing the remaining parameters.  

As a direct consequence of the variation of the computed velocity field, the calculated 

permeabilities (shown in Fig. 16) are found to be in a rather wide range for all adopted meshes 

except the coarsest (mesh 5).  

 

Fig. 16. Variation of permeability values with increasing grid sizes (meshes 1-5, see Fig. 14) 

within a 25 mm × 25 mm × 25 mm domain. The analysis was performed for four independent 

physical set-ups according to Fig. 15. As can be observed, the resulting permeability values on 

the coarsest level (mesh 5) with a grid size of 25 mm tend to be very similar, despite the 

different initial parameters on which the testing set-ups were built. 

4.  CONCLUTION 

In this paper, we have presented a massive parallel CFD framework based on a finite volume 

scheme that was adapted to compute porous media flows through large and complex 

geometries. A multi-scale approach was proposed in which users were able to perform a wide 
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variety of quantitative analyses on a so-called meso-scale, i.e. a link between the micro- and 

macro-scale, as certain values (such as the permeability tensor) must be obtained for further use 

on the macro-level in the case of black-box solutions.  
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