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Abstract The mechanics of granular materials can be

better understood by experimental measurement of fab-

ric and its evolution under load. X-ray tomography

is a tool that is increasingly used to acquire three-

dimensional images and thus, enables such measure-

ments.

Our previous study on the metrology of interparti-

cle contacts revealed that the most common approaches

either fail to accurately measure contact fabric or intro-

duce a strong bias. Methods to improve these measure-

ments (i.e., the detection and orientation of contacts)

were proposed and validated.

This work develops a strategy to benchmark im-

age analysis tools that can be used for the determina-

tion of contact fabric from tomographic images. The

discrete element method is used to create and load a

reference specimen for which the fabric and its evolu-

tion is precisely known. Chosen states of this synthetic

specimen are turned into realistic images taking into

account inherent image properties, such as the partial

volume effect, blur and noise. The application of the im-

age analysis tools on these images validates the findings

of the metrological study and highlights the importance

of addressing the identified shortcomings, i.e., the sys-
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tematical over-detection of contacts and the strong bias

of orientations when using common watersheds.
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1 Introduction

Historically, soils are most commonly treated in a con-

tinuum framework in either theoretical modeling or the

interpretation of experimental results. For most of the

time, soil mechanicians were only able to observe and

measure soil behaviour on the boundaries of a studied

specimen. It was impossible to look into a specimen

while loading it. It was acknowledged, however, that

the micro-mechanics, i.e., the behaviour at the grain-
scale, drives the overall response of any granular ma-

terial. Model granular materials, e.g., coins, provided

first insights [1]. In these and following experiments,

two-dimensional (planar) grains were loaded and pho-

tographs were acquired at specific stages of the loading

[2]. Using photogrammetry [3], insight into the micro-

mechanical behaviour was gained for either 2D model

materials or granular materials in specific loading con-

ditions that allowed photos to be acquired, e.g., in a

biaxial loading apparatus.

Experiments on real granular materials were restrict-

ed to post-mortem analysis [4,5]: similar, yet not iden-

tical, specimens were loaded to specific stages and sub-

sequently frozen in this state, e.g., using epoxy resin.

This allowed for thin cuts to be taken and analysed

under a microscope.

On the simulation front, the development of the dis-

crete element method (DEM) has allowed micro-mechan-

ical investigations of the particle-scale behaviour of gran-

ular materials [6]. In these simulations, the response of
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a granular material is mainly controlled by the con-

tact models which describe the mechanical interactions

between particles. Applications of the discrete element

method targeting soil behaviour have produced numer-

ous valuable results and a better understanding of the

micro-mechanisms linked to the overall behaviour [7,

8]. Despite continuously improving contact models and

ever evolving DEM frameworks (e.g., [9]), DEM re-

mains a numerical tool that needs further experimen-

tal validation. Its contact models are phenomenological,

grain shapes are restricted (for an exception, see e.g.,

[9]) and surface properties of natural materials cannot

be directly modeled.

With the rise of x-ray computed tomography (CT)

in the last decade(s), full-field measurements of spec-

imens finally became possible [10]. Specific set-ups in

x-ray CT chambers allow for an acquisition of tomo-

graphies during a macroscopic loading of the specimen

[11]. Different methods have been used and improved to

measure the kinematics of the granular materials dur-

ing loading, such as the digital image correlation [12,

11,13] or an individual particle tracking approach [14].

These experiments and tools allowed new insights into

the mechanics at the grain-scale, in particular in the

formation of shear bands [10,15,13]. Only recently, at-

tempts to measure the granular fabric and its evolu-

tion at specific loading stages have been conducted [16,

17,18]. There are several inherent features in x-ray to-

mographic images, that influence the analysis of such

images, e.g., the detection of contacts and the deter-

mination of their orientation. Regarding the measure-

ment of fabric the most problematic and apparent of

these inherent features are blur, noise and the partial

volume effect (PVE) [19,20]. Despite its significance, a

quantitative analysis of the accuracy for the tools that

are used to determine the fabric, i.e., contact normal

orientations, principal particle orientations or void ori-

entations, has not been undertaken until recently [21].

This study on the metrology of individual contacts fo-

cused only on two particles being in contact instead of

big granular assemblies. The accuracy of the contact

detection as well as the determination of their orienta-

tion were quantitatively demonstrated. Advanced tech-

niques to improve the measurements were proposed.

The aim of this contribution is to extend the find-

ings of [21] on individual contacts to a granular assem-

bly that evolves under a macroscopic loading in order

to assess what amplitude of fabric changes can be mea-

sured with realistic granular rearrangements. One main

concern is the detection of small fabric changes that

can occur e.g., upon unloading and reloading cycles.

As these measurements and their quantification are dif-

ficult on real experiments e.g., using x-ray tomography,

we start to study the problem from synthetic, but real-

istic1 images. The advantage of these images is the con-

trollability of the inherent features as well as the perfect

knowledge of the fabric. For this purpose, the discrete

element method is used to create and load a numerical,

mechanically representative specimen. Realistic images

of these DEM specimens are then created using Kali-

sphera [22] which generates analytically-correct 3D im-

ages of spheres.

Sphere packings are the object of many studies on

the description of granular media [23]. One of the most

studied properties is the structure of these packings,

e.g., a random loose packing and a jamming transition

[24]. Random packings have been studied from friction-

less to frictional spheres, monodisperse to polydisperse

particle sizes under compression and shear to predict

these structural measures [25,26]. We decided to limit

our analysis to the most common contact fabric mea-

sures for natural granular materials in geomechanics,

which mostly deals with frictional, polydisperse and ir-

regularly shaped grains: the coordination number and

the fabric tensor.

The main object of this work is to present a bench-

mark test for the extraction of contact fabric from to-

mographies of granular materials. Our approach is some-

how similar to [27], where DEM simulation were con-

ducted based on tomographic data from sphere pack-

ings. Their aim, however, was the investigation of the

mechanics in contrast to ours which is the accuracy

of the fabric evaluation from tomographic images. Al-

though we employ sphere packings, the methodology is

not restricted to spherical, but aimed at more general

shapes. Thus, the image analysis tools never assume

a particular particle shape to support the extraction of

information from the tomographies. Another similar ap-

proach was used to determine constriction sizes of pores

from DEM simulations [28]. Binary images were cre-

ated from the numerical sphere packings and processed

by watershed segmentation. The results were compared

with the constriction sizes determined directly on the

DEM specimen.

All image-based calculations are done with the open-

source Software spam (The Software for the Practical

Analysis of Materials) [29]. The scripts to reproduce the

results presented in this work are available in an open

repository [30].

1 In this case realistic images are images that have similar
properties as x-ray tomographies.
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2 Contact-based measurements

In the following section, the image analysis steps that

are necessary to extract the contact fabric from x-ray

tomographies are presented and the challenges of such

analyses are highlighted. A simplified workflow of a gen-

eral image analysis is presented in Figure 1.

The first step of producing an x-ray CT is the ac-

quisition of radiographies of the specimen at various

angles. These acquired radiographies serve as the basis

for the reconstruction of a three-dimensional grey-scale

image, the tomography.

In order to determine contact orientations, contacts

have to be detected first. Therefore, the grey-scale im-

age is transformed into a binary image where only two

phases are distinguished – solid and void. This can be

achieved using a variety of methods (global, local, adap-

tive thresholds, etc.) as described in [31]. The most com-

mon and easiest method is to apply a global threshold,

which attributes all grey values up to a certain thresh-

old to either one of the two phases. The calibration

can be based on physical quantities (such as the actual

volume of the solid phase if known) or image statis-

tics (such as Otsu’s threshold [32]). The next essential

step in identifying the individual grains is the segmen-

tation of the binary image. The most common segmen-

tation techniques (in experimental geomechanics) are

watershed algorithms, e.g., a standard topological wa-

tershed [33] or advanced watersheds, such as the ran-

dom walker [34]. Once segmented, the image can then

be labelled by assigning a unique number to each in-

dividual grain. Based on the segmented and labelled

image, the contacts between apparently touching par-

ticles can be detected and the contact planes can be

fitted (e.g., via principal component analysis) through

the contact area. The contact orientation can be iden-

tified as the normal to that plane.

The accuracy of the crucial steps is analysed in [21].

The main findings are that the standard image analysis

tools, briefly described above, are not sufficient to pro-

duce reliable results and that these techniques have ei-

ther to be adapted or replaced by more advanced meth-

ods to detect contacts and determine their orientation

as reliable as possible.

2.1 Major results of the study on the metrology

To methodically study the accuracy of the contact de-

tection and orientation, the investigation started with

analysing synthetic images of spheres, where particle

shape and image properties such as blur and noise can

be controlled, and followed up with high resolution to-

mographies of manufactured spheres (to control the

shape) and a natural granular material (Hostun sand).

The main source of uncertainty in contact detection

is the binarisation of the grey-scale image and, partic-

ularly, the PVE [20]. The approach that was chosen to

determine the accuracy of contact detection is described

in detail in [21]. Two particles, that are initially in con-

tact, were incrementally translated from each other to

check up to which distance they still appear to be in

contact in the image. The results of the analysis with

the most common approach (the global threshold) are

shown in Figure 2 with solid lines. A perfect detection

would appear as 1 at 0 distance and zero for distances

> 0, i.e., with a probability of finding contacts of one

at zero distance and zero at higher distances. An ob-

vious over-detection can be observed in Figure 2. The

main reason for the systematical over-detection of con-

tacts is the PVE in regions where two particles are close

to each other. In order to minimise the over-detection,

a local thresholding is proposed: contacts that are de-

tected with the global threshold are checked again with

a higher, local threshold that is applied directly on the

grey-values in the apparent contact region. It is found

that this approach works well for rounded particles, less

for more angular particles, e.g., Hostun sand grains.

The results of chosen local thresholds are plotted in

Figure 2 in dotted lines.

The same images, i.e., synthetic images of spheres as

well as high resolution images of manufactured spheres

and Hostun sand grains, were taken for the study on the

accuracy of the determination of contact orientations.

The contact orientations were determined by fitting a

contact plane on the contact zone using principal com-

ponent analysis. The two different watershed methods

mentioned above, a topological watershed and the ran-

dom walker [34] (as implemented in [35]), were used for

the segmentation of the binary image. The topological

watershed results in a labelled image in which the con-

tact region can be identified from the labels in direct

contact. The random walker assigns a probability to

each voxel of either belonging to one or the other par-

ticle in contact which allows to determine the contact

surface from the probability field on a subvoxel basis,

whereas the former method can only work on the voxel

basis. The error is defined as the angle between a ref-

erence and the determined orientation.

Spheres were chosen for this and the former analysis

because the reference contact orientation is known from

the branch vector, that is either imposed in the syn-

thetic images or precisely measured from the center of

mass of the two apparently touching particles [36]. The

reference orientation of the contacts in Hostun sand was

defined as the orientation that can be determined at the
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Binarisation Segmentation and labelling

Grey-scale image Binary image Labelled image

Fig. 1 Simplified sketch of the image analysis steps – from a grey-scale image (left) to a binary image (centre) to a segmented
and labelled image (right).

 0

 0.2

 0.4

 0.6

 0.8

 1

 0  0.5  1  1.5  2

 perfect 
 detection 

P
ro

b
ab

il
it

y
 o

f 
fi

n
d

in
g

 a
 c

o
n

ta
ct

 [
-]

Distance between particles [pixel]
Synthetic images

Manufactured Spheres
Hostun Sand

Global
Local

Fig. 2 Results of the contact detection analysis from [21]

 0

 5

 10

 15

 20

 25

 Synthetic 
  spheres 

 Manufactured 
      spheres 

 Hostun 
  Sand 

M
ea

n
 e

rr
o

r 
[º

]

Topological Watershed
Random Walker
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27 pixel – from the analysis in [21]

smallest pixel size (1 µm)2. The results of this part of

the study are shown in Figure 3 for a relative resolu-

tion d50/pixel size of 27 pixel. The results are displayed

for all materials in the analysis: the synthetic images

of spheres, the high resolution tomograhies of manu-

factured spheres and the high resolution tomographies

of Hostun sand. It can be concluded that the random

walker yields more accurate orientations for all mate-

rials tested when the focus lies on individual contacts,

i.e., only two particles touching each other.

2.2 Image analysis tools

All the image analysis tools mentioned above that were

either tested or proposed to overcome problems in the

description of inter-particle contacts were included in

the open source analysis software spam [29]. It has e-

volved to cover needs of data analysis from 3D x-ray

tomography work and correlated random fields with

mechanical applications. The contact detection and ori-

entation tools from [21] are included in the label toolkit

of spam.

The complete image analysis that is applied to ob-

tain the results in this work is summarised in minimal

python scripts using spam. In order to enable the repro-

duction of this image analysis, these scripts are avail-

able online in a free repository [30]. The source data

from the discrete element simulations (positions and

radii of the spheres at every step of the analysis) can

2 Note: Due to the angular and non-convex shape of the
Hostun sand grains, the description of the orientation however
is not objective, as highlighted in [21]: when observing the
same grains in different spatial resolutions, contacts might
artificially be created (due to the PVE) or multiple contacts
points at which two grains are touching might be merged to
appear as a single contact.
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be found in the repository as well, and should be easy

to obtain with any 3D DEM code.

3 Testing and validating the measurement tools

The study on the metrology focused completely on the

detection and orientation of individual contacts, i.e.,

only two particles being in contact. In this work we

develop a benchmark test in order to assess whether

the image analysis tools work on images of assemblies

of thousands of particles and how accurate the results

are. In order to assess the accuracy, the reference, i.e.,

the true fabric, has to be known. The discrete element

method is used to create assemblies of spherical par-

ticles and to obtain particle displacements due to ex-

ternally imposed mechanical loads. Realistic grey-scale

images of these numerical assemblies at different load-

ing stages are then created using Kalisphera [22] in the

same way as in [21] for individual particles in contact.

It has to be noted that due to the spherical shape

of the particles branch vectors could be used to pre-

cisely determine the contact orientations. We employ

the chosen image analysis approach because it has to

be extendible to round (not necessarily spherical) par-

ticle shapes for which the equality of branch vector and

contact orientation does not hold in general. The ac-

curacy of the determination of the contact orientations

of round and spherical particles, however, should be

similar as the study on the metrology showed that the

accuracy follows the contact topology.

As mentioned in the introduction, there exist vari-

ous methods to detect contacts. Three different meth-

ods of estimating contact numbers were compared in

[37] on monodisperse sphere packings. The best results

were obtained using a contact number scaling function

presented in [38], which however, is assuming spher-

ical particles shapes. This approach was extended to

packings of ellipsoids in [39] and [40]. As our research

is generally dealing with irregular shapes and polydis-

perse packings, our approaches cannot profit from the

mentioned results.

3.1 DEM simulations as a reference

The open source, discrete element software WooDEM

[41] is used to create the numerical specimen and to load

it mechanically. In order to directly consider the find-

ings from [21], the particles are chosen to have a spher-

ical shape. The particle size distribution (PSD) of the

specimen is linear and ranges from (3.2 to 4.8) ·10−4 m

and is thus in the range of the materials that were inves-

tigated in [21] and that will be used in real experiments

in the µ-CT: manufactured spheres with d = 4 ·10−4 m

and Hostun sand with d50 = 3.38 · 10−4 m. Periodic

boundary conditions and a standard triaxial loading

(axisymmetric) with a final unloading step are cho-

sen for the simulation. The simulation itself is only

needed to create mechanically meaningful states of the

granular assembly for the subsequent image analysis

and not to probe the mechanics. Thus, a simple, linear

(Cundall) contact model [6] is considered as sufficient.

The parameters of the contact model are chosen to be:

E = 50 · 106 kPa, kt/kn = 0.4 and tanϕ = 0.4 with

E being Young’s modulus, kn, kt the normal and tan-

gent stiffness respectively and ϕ the friction angle. The

initial package of 5522 spheres based on the given PSD

is created and then isotropically compressed to 50 kPa.

At pre-defined axial strains the fabric of the assembly,

i.e., the position of the particles and the contact orien-

tations, is extracted to determine the evolution of the

fabric upon loading. The macroscopic response, i.e., the

stress-strain response calculated at the boundaries of

the specimen, is plotted in Figure 4.

3.2 Turning DEM specimen into images

The chosen, exported fabric states are turned into real-

istic grey-scale images using Kalisphera [22]. The pixel

size, that is needed to convert the DEM data (posi-

tions and radii of spheres given in [m]) to actual, pix-

elised data for the the image (given in [pixel]), is set

to 15 · 10−6 m, which corresponds to a common setting

of a tomography of a triaxial experiment on sand (e.g.,

[14]). A 32-bit floating point image of each sphere is cre-

ated, where the values 0.0 and 1.0 correspond to a pure
void and a pure solid voxel, respectively. The individ-

ual images are then subsequently added to an image of

the big assembly. In some cases the overlap of particles

on contacts leads to values higher than 1.0, which are

flattened to 1.0. In order to apply blur and noise the

values of the image are compressed to lie in the range

of (0.25;0.75) corresponding to void and solid voxels,

respectively. A Gaussian blur operator is applied to the

image and random noise based on a Gaussian distribu-

tion is applied onto the blurred image. Representative

levels of blur and noise for the µ-CT in Laboratoire

3SR in Grenoble were calibrated on chosen images in

[21]: the level of blur was found to be ≈ 0.8 and the

standard deviation of the Gaussian distribution for ran-

dom noise was chosen to 0.03. The final 32-bit floating

point images are turned to 8-bit integer images (i.e.,

values between 0 and 255), because the image analysis

on real tomographic images is usually carried out on

this data type to save memory. The whole procedure is

summarised in Figure 5.
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Fig. 4 Macroscopic response of a triaxial specimen from the discrete element simulation. The chosen loading states for the
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Fig. 5 Illustration of how a synthetic specimen created with the discrete element method is turned into a realistic image.
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3.3 Analysis of the reference and computed fabric

The advanced image analysis techniques, that were de-

scribed above and in more detail in [21], are applied

to the resulting images. In order to reduce the over-

detection of contacts, a local threshold of 180 (8bit un-

signed integer images)3 is applied to the globally de-

tected contacts. A ITK inter-pixel watershed as imple-

mented in [29] is applied to the binary image for the

initial segmentation and labelling. The contact orienta-

tions are determined using a principal component anal-

ysis on the contacting voxels in the initially labelled

image. Furthermore, the random walker [34] is then em-

ployed on contacting particles for the determination of

the contact orientations from the resulting probability

map.

A scalar value describing the fabric of the granular

assembly is the coordination number, i.e., the number

of contacts per particle. The average coordination num-

ber Cn is given by:

Cn =
2 · C
Np

(1)

with C and and Np being the number of contacts and

the number of particles, respectively. The coordination

number is directly determined from the amount of de-

tected contacts and should thus reflect the findings from

[21], namely the systematic over-detection of contacts.

The evolution of the average coordination number with

the macroscopic loading is plotted in Figure 6. As to

be expected, the number of contacts from the images

is dramatically over-detected using the standard global

approach with a mean deviation of 50%. The local re-

finement of the detected contacts leads to a coordina-
tion number that is close to the reference from the sim-

ulation with a mean deviation of 3%. Even though a

local refinement is employed, some contacts are still

over-detected. This is because the local threshold was

chosen in order not to loose real contacts, see the dot-

ted orange line in Figure 2 and thus, some apparent

contacts are always over-detected.

Contact orientations can be plotted in different ways.

Herein, we choose Lambert azimuthal equal area projec-

tions for the representation of orientations. In order to

use this projection, each orientation (vector) is flipped

such that it has a positive vertical axis. A simplified

sketch of how these orientations are plotted and binned

(when considering thousands of orientations) is shown

in Figure 7.

The resulting plots of orientations at different, sig-

nificant stages of the loading are shown in Figure 8:

3 This value corresponds to 0.7 for 32bit floating point im-
ages, which was found to yield acceptable results in [21].
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ence from the simulation and the results of the global and
local contact detection of the image.

the reference orientations, that are directly exported

from the DEM simulation are given in the upper row.

The middle row shows the orientations that are calcu-

lated directly on the initial segmentation by ITK. The

lower row depicts the orientations that are determined

from the random walker segmentation of two contacting

particles. In order to use similar scales for every load-

ing state and to facilitate the comparison, the plots are

normalised with the average number of orientations per

bin.

The distribution of contact orientations in the DEM

simulation (reference) evolve from a rather random con-

figuration in the initial and the pre-stress peak stage to

a clear vertically aligned contact fabric with ongoing

loading.

The orientations from the initial segmentation and

labelling do not resemble the reference distribution. As

found in [42,43], orientations that are calculated on the

basis of pixel watersheds are strongly biased towards

favourable orientations. In this specific case of the ITK

watershed the orientations tend towards ≈45◦ with re-

spect to the Cartesian axes. This was found to be the

reason for the high error in the determination of contact

orientations [21], see Figure 3.

The contact orientations determined based on the

random walker segmentation agree with the reference

distribution. The reason for the better agreement is the

probability map from the random walker, which allows

interpolating the contact zone within the pixel instead

of following pixel boundaries.

To quantitatively describe the errors of the image

analysis approaches, the individual orientations must

be related to their corresponding reference from the

DEM simulation. As each contact is identified by the
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Fig. 7 Visualisation of the plotting of individual orientations and the binning to simplify plots of many orientations. A Lambert
azimuthal equal area projection is used in this work.

labels of the contacting spheres and the labels in the

DEM simulations are not equivalent to the labels in the

images, a topographic mapping from DEM to image is

established. The error of each orientation is determined

by computing the angle between the orientation mea-

sured in the image and its corresponding reference in

the simulation. It has to be noted that not all orien-

tations could be compared due to the problematic de-

tection of contacts in the image which was described

before and plotted in Figure 6. A histogram of the er-

rors of all orientations in state 2 (as highlighted in Fig-

ure 8) is plotted in Figure 9. The errors are distributed

similarly in all states. As expected and found in [21],

the random walker yields more accurate results with a

statistical mean error of ≈ 1.3◦ than the topological

watershed with ≈ 4.2◦. The results from the random

walker agrees well to the error of 1.24◦ determined in

the more rigorous study and plotted in 3. The error of

the topological watershed is lower than 5.8◦, which was

determined in [21]. This might be due to larger con-

tact areas which arise from the inherent overlap of the

spheres in the numerical simulation and the different

distribution of orientations.

In order to investigate the evolution of the individ-

ual orientations, a different, scalar value has to be cho-

sen for the comparison. The mean inclination of all ori-

entations is determined at each loading stage of the

simulation, because the main changes happen to the

vertical component for this particular loading. The in-

clination of each individual orientation is calculated by:

θ = arccos

(
z√

x2 + y2 + z2

)
(2)

The evolution of the mean inclination with respect to

the axial strain is plotted in Figure 10. The same trend

as qualitatively shown in Figure 8, i.e., an increase in

the vertical orientations, can be observed qualitatively

using this representation. The evolution of both – the

reference and the orientations from the images (ITK

and random walker) – follows the same trend with some

minor deviations. Upon unloading, the mean inclination

partly recovers, i.e., increases, for the reference and the

image analysis results.

Although, the individual orientations are strongly

biased and do not resemble the reference distribution,

the mean inclination of all orientations qualitatively fol-

lows and even quantitatively agrees with the reference

evolution with deviations not exceeding 0.7◦.

Fabric tensors can be used in order to statistically

describe the bulk of orientations at a specific state of a

granular material [44]. Most commonly, a fabric tensor

of 2nd order is used:

N =
1

C

C∑
α=1

oα ⊗ oα (3)

with C being the number of contacts and o an indi-

vidual orientation. Following [44], a deviatoric fabric

tensor D is calculated by:

D =
15

2
(N − 1

3
I) (4)

To quantitatively describe anisotropy, a scalar value can

be calculated from D [45]:

a =

√
3

2
D : D (5)

A fabric tensor is computed at each stage of the

simulation for both, the DEM fabric and the orienta-

tions determined by image analysis. The evolution of

the scalar anisotropy factor a is plotted in Figure 11.

As expected from the preparation of the synthetic spec-

imen and the projection plots in Figure 8, the fabric is
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-1 2 6 11

Contact orientations from ITK segmentation

Contact orientations from DEM

Contact orientations from Random Walker segmentation

Fig. 8 Binned Lambert azimuthal equal area plots of the contact orientations at different stages of the loading (the labels relate
to the macroscopic response in Figure 4) – upper row: orientations directly from the discrete element simulation. middle row:
orientations determined from the ITK watershed. lower row: orientations determined with the random walker segmentation.
The colors correspond to the normalised density of orientations in the bins – red depicts a high and blue a low density. State
2 is highlighted for a more detailed analysis.

initially isotropic (a ≈ 0) with an increasing anisotropy

due to the vertical alignment of contacts into the load-

ing direction. The anisotropy then increases as the con-

tact orientations realign with the induced principal stress

direction, i.e., the vertical axis.

The results of the random walker and of the ITK

watershed are shown in Figure 11. Although the topo-

logical watershed yields substantially higher errors and

a strong bias when determining individual orientations

(see Figures 8 and 9), the fabric anisotropy agrees to

the one determined by the random walker. Both evolu-

tions follow the reference fabric qualitatively well and

show only minor quantitative deviations.

The reason for the agreement of the anisotropy from

the ITK watershed with the random walker as well as

the reference is the degree of approximation of the dis-

tribution. Even though the orientations from the ITK

watershed are strongly biased towards 45◦ to the gen-

eral axes, see Figure 8, the distribution is symmetric

to/about the vertical axis. The same holds for the ori-

entations from the random walker and the reference.

The orientations from ITK concentrate along the verti-

cal direction with ongoing loading like the orientations

from the reference and the random walker. Thus, the

anisotropy changes only with the vertical alignment, as

the radial distribution remains almost isotropic.
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We employ a typical 2nd order approximation which

is not sufficient to capture the bias from the ITK water-

shed, because it is radially symmetric. A higher order

approximation should be able to show the strong dif-

ferences of the distributions.

3.4 Results from a cyclic simulation

Another question that arises is the sensitivity of the

contact fabric and its measurability upon small macro-

scopic changes, such as unload-reload cycles. In order to

investigate this, a DEM simulation similar to the one

presented in Figure 4 is carried out. The constitutive

parameters are identical and the specimen was prepared

similarly. The specimen is unloaded and reloaded seven
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Fig. 11 Evolution of the scalar anisotropy factor with the
loading. Comparison of the image analysis results with the
reference behaviour from the DEM simulations.

times at different states throughout the loading. Three

intermediate states are recorded at every cycle to create

the synthetic images and carry out the image analysis

that is described above. The macroscopic response of

the specimen is shown in Figure 12.

The distribution of contact orientations is again de-

scribed and compared using the scalar anisotropy fac-

tor, see equation (5). Figure 13 shows the evolution of

the anisotropy of the reference as well as both image

analysis approaches, the ITK watershed and the ran-

dom walker. Both – the anisotropy from the ITK wa-

tershed and the random walker – agree with the ref-

erence. On the right side of Figure 13 a zoom-in of

the first three cycles is displayed. Both approaches are

able to capture even these small changes of the contact

anisotropy.

4 Summary and outlook

The behaviour of granular materials is known to be

governed by the mechanics at the grain-scale. Accord-

ing to [2], the micro-mechanical behaviour may be de-

scribed by (a) the fabric, (b) the kinematics and (c)

the inter-granular forces. A number of contributions

have introduced and improved the measurement of con-

tinuous and discrete kinematics (b). The measurement

of inter-granular forces (c) is still not possible in as-

semblies of natural granular materials, but recent de-

velopments show promising results on small assemblies

of synthetic materials [46,47,48,49]. Some studies re-

ported on the measurement of granular fabric [50,17],

but without studying the metrology of the tools that
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Fig. 12 Macroscopic response of the synthetic specimen to unload / reload cycles.
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were used for the measurements. In the present paper,

the results of the study on individual contacts [21] have

been related and applied to an evolving assembly of

thousands of particles.

To achieve that, a discrete element simulation is car-

ried out to provide a reference, i.e., a sequence of per-

fectly known fabrics at several states of a macroscopic

loading. Images of these states are then created using

Kalisphera [22], a tool that allows creating images of

spheres taking into account the PVE. The other inher-

ent defects, i.e., blur and noise, are applied to obtain

realistic and representative synthetic images for the im-

age analysis. The results are compared in terms of de-

tected contacts, their orientations and a second order
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fabric tensor, that is commonly used to statistically ex-

press orientational fabric.

In our previous study [21], it was found that con-

tacts are systematically over-detected using standard

global thresholding approaches, i.e., particles, that are

close to each other but do not touch, are detected to be

in contact due to the PVE. This is confirmed for the

image of the synthetic assembly by running the global

contact detection: ≈ 50% more contacts are detected in

the image than actually present in the reference. The

local thresholding approach, that was proposed in [21],

is applied to refine the detected contacts and is found to

get much closer to the reference, with an over-detection

of only ≈ 3%.

The contact orientations calculated on the basis of

two different watersheds, i.e., a ITK watershed, which

is used for the initial segmentation, and the random

walker segmentation as a refinement, are compared ei-

ther using plots of all individual orientations or a mean

inclination (angle with the vertical axis) per analysed

state. The orientations from the ITK watershed are

strongly biased and only weakly show a tendency to the

vertical axis with ongoing loading. On the contrary, the

orientations based on the random walker segmentation

agree with the reference distribution and show a similar

trend/evolution throughout the loading. However, this

representation is not suitable for a quantitative com-

parison and the mean inclination of all orientations is

thus chosen as a scalar descriptor. Surprisingly, the evo-

lution of the mean inclination obtained from the ITK

watershed agrees to the reference and shows a slight

deviation of max. 0.7◦. The mean inclination from ran-

dom walker images follows a similar trend as for the

reference; quantitatively, a deviation of ≈0.5◦ is found.

The orientations can also be statistically captured

by a second-order fabric tensor. Comparing the evolu-

tion of the anisotropy of the fabric tensors shows a qual-

itative agreement of both watershed methods with the

reference fabric. Quantitatively, the fabrics from the im-

ages agree very well with each other, but show a slight

deviation from the reference.

The findings of [21] can thus be extended to granu-

lar assemblies of spherical particles: a local contact de-

tection is necessary to reduce the over-detection and

the random walker segmentation yields qualitatively

as well as quantitatively acceptable results. The ITK

watershed introduces a strong bias on individual con-

tact orientations, but performs as well as the advanced

and more time-consuming random walker segmentation

when focused on the evolution of anisotropy for the cho-

sen loading and the order of approximation of the distri-

bution. The latter observation, however, arises due to

additional effects, such as the symmetric loading and

fabric evolution, as highlighted in the analysis of the

results. For different non-symmetric loading situations

or a higher order of approximation, the high error and

bias of the orientations from the ITK watershed should

likely be reflected in the anisotropy as well. Thus, it is

still highly recommended to use the random walker seg-

mentation (or other advanced algorithms) to determine

contact orientations.

Based on this virtual simulation we expect to be

able to capture cyclic behaviour just as well in an x-ray

tomography of spherical, and round particles. This will

allow inroads into understanding the abrupt stiffness

changes observed upon unloading and reloading.

This analysis is restricted to the measurement of

contact fabric. A complete description of the geometric

fabric of a granular material has also to include other

parts, such as particle [4] and void fabric [5] or even

combined fabric measures such as presented in [51].

Some of these measures might be extracted more ac-

curately from tomographic images and will be part of

future studies.
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and Matthias Schröter. Tomographic analysis of jammed
ellipsoid packings. AIP Conference Proceedings, 1542(June
2013):377–380, 2013.

40. Fabian M. Schaller, Max Neudecker, Mohammad Saa-
datfar, Gary W. Delaney, Gerd E. Schröder-Turk, and
Matthias Schröter. Local origin of global contact num-
bers in frictional ellipsoid packings. Physical Review Let-
ters, 114(15):1–5, 2015.

https://ttk.gricad-pages.univ-grenoble-alpes.fr/spam/
https://ttk.gricad-pages.univ-grenoble-alpes.fr/spam/
http://dx.doi.org/10.25532/OPARA-26
http://dx.doi.org/10.25532/OPARA-26


14 Max Wiebicke et al.
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