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1.7 Recommended Calibration Procedure
for Non-cohesive and Slightly Cohesive Materials

As described earlier, the contact model parameters need to be determined by
running a series of DEM simulations with varying parameters. The parameters
can be varied systematically or through an optimisation algorithm. Ideally, in both
approaches, an automated post-processing of the model results is required since a
manual process would not be feasible for a large number of simulations.

The systematic variation of the parameter values over a whole range is
time-consuming due to the high number of independent simulations required. How-
ever, this approach provides a deep understanding of the general relation between
the simulated macroscopic (bulk) behaviour and the (individual) input parameters.
Hence, this section focuses on the systematic approach, while Section 1.8 provides
an overview of optimisation algorithms.

1.7.1 Ambiguous Parameter Combinations

The ideal situation would be to have an experiment of which the result is dependent
on only a single parameter. If such an experiment is available for each of the
unknown parameter values, calibration would be straightforward. Unfortunately,
most numerical experiments are, however, sensitive to more than one parameter.
As an example, take the very common AoR lifting cylinder test. Wensrich and
Katterfeld [17] showed that (for non-cohesive materials) the AoR is dependent on
both the particle–particle coefficient of sliding friction 𝜇P and the coefficient of
rolling friction 𝜇r. When such results are plotted, a contour diagram results, which
typically looks like the graph presented in Figure 1.3.

Figure 1.3 clearly demonstrates that there are an infinite number of parameter
(𝜇P and 𝜇r) combinations which result in the same value of the macroscopic AoR.
This example highlights the problem of ambiguous parameter combinations. One
calibration test result cannot provide a unique set of two (or more) contact model
parameters. Hence, several test results are necessary to find a unique parameter set.
The following section describes a procedure which solves the problem of ambiguous
parameter combinations for non-cohesive materials.

This approach can also work for ‘slightly’ cohesive materials. However, with
increasing bulk cohesive behaviour, the material flow increases in complexity and
the test results are usually less consistent. Therefore, a larger number of tests are
required to decrease the parameter range. To illustrate this point, a comparison of
the AoR test with and without cohesion is shown in Figure 1.4. The calibration of
cohesive materials is described in more detail in Section 1.7.

1.7.2 Solving for an Unambiguous Parameter Combination

The problem of ambiguous parameter combinations is equivalent to simultaneously
solving a set of mathematical equations with a number of unknown variables or
(calibration) parameters. A unique solution can only be obtained if the number of
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Figure 1.3 AoR simulation
results according to Wensrich
and Katterfeld et al. [17] using a
lifting cylinder test for a
systematic variation of
particle–particle sliding friction
𝜇P and rolling friction 𝜇r. A
constant macroscopic AoR is
represented by an isoline. No
cohesion was considered.
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independent equations is equal to the number of variables. Using this analogy, the
calibration test(s) should produce the same number (or more) of ‘independent’ test
results as the number of DEM parameters to which the model is sensitive. The expla-
nation in Section 1.4 and the summary in Table 1.1 help to identify the most influ-
ential parameter(s) for a given bulk property.

This analogy clearly explains why calibration tests which produce more than one
test result (or bulk measure) are preferred. For example, the draw down test and
the direct shear test produce four results each. However, not all of the test results
can be called independent. For instance, the two AoR results and the remaining
mass in the upper or lower chamber of the draw down test are dependent on each
other. The higher the AoR in the upper chamber, the higher is the remaining mass in
that chamber, and vice versa. In the direct shear test, the shear response at different
normal stresses can be used as well as the internal friction angle and the time to
reach failure.

For each bulk measure (either from a single test or multiple tests), a diagram such
as the one presented in Figure 1.3 can be produced. The diagrams can then be super-
imposed to obtain a unique or unambiguous set of parameter values, i.e. a single set
of parameter values which satisfies all test results. However, there is no guarantee
that, in all cases, the isolines (one for each bulk measure) will intersect at a single
point as described in Derakhshani et al. [36]. Often the measurement error needs to
be considered to ensure a significant overlap of the test results as shown in detail by
Roessler et al. [14].

Figure 1.5 shows how the different draw down test results (shear angle in the
upper chamber, AoR in the lower chamber, mass in the lower chamber, and mass
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Figure 1.4 Comparison of AoR simulation results with varying particle–particle (sliding)
friction and rolling friction coefficient for non-cohesive (a) and cohesive materials (b).
Similar to Pachon-Morales et al. [43] for non-cohesive and slightly cohesive materials, a
direct relation between the frictional values and the AoR can be shown. This is not the case
for the cohesive material where a more irregular and complex behaviour can be seen.
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1. Select model for particle shape

2. Select particle size distribution

6. Calibrate particle density
– Assume realistic values for the still uncalibrated particle-particle friction  

parameters.

4. Select/measure particle-wall coefficient(s) of friction
– Sliding and rolling coefficients of friction.

– Assume realistic values for the still uncalibrated particle-particle friction
  parameters and the particle density.  

7. Calibrate particle-particle coefficient(s) of friction 
– Sliding and rolling coefficients of friction.

– If rolling resistance is not used: use at least one experiment/measure.

– If rolling resistance is used: use at least two independent 

experiments/measures.

– More accurate results achieved if more experiments/measures are use.

3. Select/measure coefficient of restitution
Done for each type of contact/material (particles and walls).

5. Select/calibrate contact stiffness
– Assume realistic values for all the still uncalibrated friction parameters
  and particle density.

Depending on the specific application and the

advantages and disadvantages of each shape model

as discussed in Section 1.5.1.

Depending on the specific application, available

computation power, size of calibration experiments

and time constraints as discussed in Section 1.5.2.

Measured in drop/pendulum tests (Section 1.6.2) but

usually specified as discussed in Section 1.5.4.

Measured in confined uniaxial test (Section 1.6.2) but

usually scaled or assumed as discussed in
Section 1.5.5.

Measured with an inclining wall test or direct shear test
(Section 1.6.2) as discussed in Section 1.5.7.

Calibrated by filling a container of known volume as

discussed in Section 1.5.3.

Calibration experiments include: the angle of repose,

discharge test, draw down test, and direct shear tests

(Section 1.6.2). The optimal parameter set is then

obtained using the procedures outlined in Section 1.7

and Section 1.9.

START

END

8. Check bulk density
– If needed, check the bulk density after all the parameters are calibrated

  by iterating between steps 6 and 7 and adjusting the particle density.

Figure 1.6 Calibration procedure for non-cohesive materials. Source: Adapted from
Katterfeld et al. [28].

flow rate) can be plotted by taking the measurement error (grey marked areas in the
diagrams on the left) into account. This significantly decreases the number of possi-
ble parameter combinations (sliding and rolling friction in this case) if the isolines of
the contour plots are then overlaid as shown in the diagram on the right-hand side.
The small black area in the right-hand side diagram shows the possible combina-
tion of the sliding and rolling friction which results in the same realistic shear angle,
AoR, mass in the lower chamber, and the mass flow rate as measured in the experi-
ment. Within the black area, the calculated cumulated error between simulated and
measured test result allows the identification of a single parameter set.

The steps required to identify a unique set of DEM parameters can be summarised
as follows:

1. Make use of a single calibration test with several independent bulk measures or a
number of calibration tests, each with a single result or bulk measure. The latter
case requires more effort in terms of experiments and simulations.
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2. Determine the measurement errors for each test result (bulk measure) and con-
sider them in the analysis of the DEM results.

3. Identify the parameter ranges which provide realistic simulation results for each
test.

4. Calculate the cumulative error between simulation results and experimental
measurements and identify the parameter set with a minimum error.

In the given examples of the lifting cylinder test (Figure 1.3) and the draw down
test (Figure 1.5), only the influence of the particle–particle coefficients of sliding
and rolling friction was shown. Although these two parameters are the ones which
have the most significant influence on the modelled bulk behaviour of non-cohesive
materials, the other parameters should also be carefully considered. This leads to the
obvious question: is it necessary to vary all these parameter values systematically?
This would require a tremendous number of independent simulation runs, which is
not feasible. However, it has been shown that if the calibration procedure of individ-
ual parameters is executed in a specific sequence, the need for iterations and finding
the unique (optimal) set of parameters can be minimised.

Based on the experience of a large number of academic and industrial experts,
the calibration procedure as shown in the flowchart in Figure 1.6 was developed
for non-cohesive materials, as presented in Katterfeld et al. [28]. The flowchart
includes references to the sections where the influence of the specific parameter on
the bulk behaviour is explained as well as the proposed experiment(s) to calibrate
each parameter.

1.8 Outlook on the Calibration of Cohesive Materials

Cohesion, usually through the effects of moisture, can significantly alter the bulk
behaviour of granular materials. However, the DEM research and modelling com-
munity do not yet have the same level of confidence in any DEM model to accurately
predict the bulk behaviour of cohesive materials compared to that of non-cohesive
materials. The exact reason for this is not known, and it might be that we are not
yet able to successfully calibrate the cohesive parameters, and/or the cohesive con-
tact models that are currently available do not capture the real physics accurately
enough. For completeness, a short summary of the published attempts made to cal-
ibrate cohesive materials is presented here.

Grima [68] and Grima and Wypych [49] developed and validated a strategy for
calibrating the parameters of dry and wet black coal and bauxite. First, the material
was calibrated in a dry non-cohesive state based on flow property measurements
and bench scale tests and using the Hertz–Mindlin (no slip) contact model. There-
after, the material was tested in a moist cohesive state and the appropriate cohesive
parameters introduced to the DEM contact model. The cohesive parameters were
calibrated, while the non-cohesive parameter values remained unchanged. Two
experimental tests were used to calibrate the parameters. First, a swing-arm slump
test with a split cylinder was developed to measure the AoR. The second test was
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based on a cylindrical draw down test, where the shear angle (upper box), poured
AoR (lower box), and the mass flow rate (estimated from high-speed photography)
were measured. In addition, the impact force of the material onto the bottom plate
was measured.

Due to the cohesive effects, the shape of the formed piles was irregular, which
made it difficult to define the AoR in the slump test. A quantitative approach was
then followed, and the general shape of the heap used for comparison. In the draw
down test, the cohesive material slumped down onto the lower plate, and the cohe-
sive parameter (the cohesive energy density) had no significant effect on the poured
AoR. However, it had a significant effect on the shear angle, and in the end, this
was the only measured parameter from the draw down test that could be used for
calibration purposes. However, a single value of the cohesion energy density, which
accurately predicted the slump test AoR and the draw down shear angle, could not
be found. In the end, the study concluded that a calibrated cohesion parameter for
one system might not be suitable for another system.

Katterfeld et al. [69] used two different cohesive contact models and the draw
down test to calibrate the parameters for wet gypsum. Both models under-predicted
the shear angle in the upper box of the draw down test and over-predicted the poured
AoR in the lower box.

Roessler and Katterfeld [29] made use of the lifting cylinder test to calibrate the
cohesive parameter for wet sand. The AoR showed a very high level of variability,
ranging from 40.4∘ to 84.3∘ for the same material in repeated tests. Hence, the macro-
scopic flow behaviour was rather analysed where three distinct and reproducible
phases could be identified during the upward motion of the cylinder and used as
calibration criteria. This study, however, made use of a single moisture content, and
this approach still needs to be verified for different moisture contents and different
bulk materials.

Ajmal et al. [70], on the other hand, showed that the draw down test could be used
to successfully calibrate sliding friction, rolling friction, and cohesion parameter
for wet sand (10% moisture content). It was shown that the blockage or arching
of material at the opening was independent of sliding and rolling friction and
depended only on the cohesion parameter. Comparing these results to experimental
observations for various opening sizes, a narrow band of values for the cohesion
parameter could be established. A unique set of parameter values could then be
obtained by comparing the AoR, formed in the lower box, and the total mass that
flowed to the bottom box, to experimental measurement. It was noted that the shear
angle, formed in the upper box, could not be used since it was not reproducible.

Mohajeri et al. [57] used the ring shear test to calibrate the parameters of cohesive
(moist) coal by using an elasto-plastic cohesion contact model. This work was further
extended [71] in a study where a combination of calibration experiments was used
to calibrate the parameters of cohesive iron ore. The tests included a ring shear test,
a shear box (ledge AoR), and a penetration test.

Carr et al. [72] investigated the use of two contact models to simulate the behaviour
of cohesive iron ore with varying moisture content. The material was allowed to
flow from a feeding conveyor onto an impact plate, where the build-up of material
was observed. It was concluded that only the liquid-bridge model was capable of
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simulating the clumping effect of the material which was observed during the exper-
iments. In a further study [73], a combination of the shear box (ledge test), draw
down, and a conveyor impact plate test was used. By varying the cohesive parameter,
the draw down test was used to investigate flowing and arching cases. The irregular
slopes that formed made it difficult to measure the angles, and it was concluded that
in the shear box and the draw down test, the residual mass was a more definite and
reproducible calibration measure.

1.9 Optimisation Approaches Applied to the Calibration
Process

An increasing number of calibration parameters increases the problem of ambigu-
ous parameter sets and brings classical visualisation techniques such as the contour
plots, shown in Section 1.6, to their limits. Hence, if more than two parameters
should be calibrated, for example, if one would include cohesion or particle upscal-
ing, the use of optimisation algorithms might be mandatory. Also, an increasing
number of calibration test results such as an AoR, shear angle, and mass flow
rate from a draw down test or different yield loci from a direct shear test lead
to complex analyses with a lot of processing steps. The aim of the calibration
process is to find a set of DEM parameter values in such a way that the simulation
results of the physical calibration experiments are the most accurate (optimal)
as compared to the experimental results. Hence, the task of the optimisation
process is to minimise the difference between the experimental and simulation
results.

It was already discussed that multiple calibration test results are necessary for
finding an unambiguous parameter set. The calibration test results are the so-called
objective function values or target values for the optimisation algorithm. Hence, only
such algorithms can be used which can handle multiple target values. However,
besides the problem of handling multiple parameters and multiple target criteria, the
biggest advantage of optimisation algorithms is the reduced number of calibration
simulations. This addresses one of the largest bottlenecks in the whole calibration
process, namely the time required to run a whole series of calibration simulations.

Different optimisation schemes are available, and Richter et al. [74] identified
the following characteristics of typical DEM results as significant to consider in the
selection process:

● nonlinear objective function topology,
● expensive computation,
● gradients cannot be obtained directly,
● limitations of the search space in the form of parameter boundaries (restricted

optimization problem),
● there can be more than one optimum or many local optima,
● rough objective function surface due to stochastic effects and numerical noise,
● more than one objective function value is necessary for calibration,
● discontinuities can occur (e.g. bridging in funnel flow experiments due to high

friction values).
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Figure 1.7 Overview of optimisation algorithm. SQP = sequential quadratic programming,
NSGA = non-dominated sorting genetic algorithm, PSO = particle swarm optimization,
SCE = shuffled complex evolution. Source: Richter et al. [74]/with permission of Elsevier.

Richter et al. [74] also provides a comprehensive overview of the different opti-
misation approaches which are generally known (Figure 1.7). A systematic review
of these approaches is essential since different terms are used in literature for the
same optimisation approach. For example, Hess et al. [75] used the term particle
swarm optimisation whereas Do et al. [35] used the term genetic algorithms.

An increasing number of publications explain the use of ‘Artificial Intelligence’ or
‘Machine Learning’ to optimise the calibration process. However, often the actual
algorithm used is similar to those from publications which make use of different
terms.

For the DEM application, the use of surrogate models can be identified as
one of the best optimisation approaches. Many DEM publications focus on this
approach. Most surrogate models are capable of identifying a global optimum on
a rough objective function surface with many local optima within a few iterations.
Further, they can consider parameter limitations and multi-objective problems and
discontinuities.

The surrogate model approach generates, in the first step, a virtual approximation
of the objective functions. Only a few calibration simulations are necessary for
this. The sampling method for selecting the initial parameters is an important step.
Based on the generated surrogate model, a set of optimised parameters is predicted
and evaluated by the so-called acquisition function. Then, an additional calibration
simulation is undertaken, and the difference to the target values is calculated. If the
difference is larger than stopping criteria, the surrogate model is refined by the
new simulation results and the whole process is repeated. Richter et al. [74] have
suggested a general description of the necessary steps to use the surrogate model
approach. The flow diagram in Figure 1.8 summarises the flow of the so-called
Generalised Surrogate Modelling-based Calibration (GSMC).
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Figure 1.8 Component structure and process of generalised surrogate modelling-based
calibration (GSMC). Source: Richter et al. [74]/with permission of Elsevier.

To calculate and predict the surrogate model, several approaches are known. They
can be separated in probabilistic and non-probabilistic approaches. Probabilistic sur-
rogate models include the calculation of the probability for the prediction of the
estimated value, which provides advantages in the evaluation process. Richter et al.
[74] have analysed a number of different surrogate algorithms, which include Gaus-
sian process regression (GPR), artificial neural networks, multi-adaptive regression
splines, and universal Kriging. Rackl and Hanley [76] and Kriging and Benvenuti
et al. [77] used artificial neural networks. Richter et al. [74] could achieve the best
results with the GPR which belongs to the probabilistic approaches. Due to the prob-
abilistic surrogate model and the probabilistic acquisition function, the approach
can be classified as a Bayesian optimisation approach. This approach and the Gaus-
sian model were also used by Hartmann et al. [78].

Since Richter et al. [74] and Roessler et al. [14] used the same calibration tests and
data, it could be shown that the use of the optimisation algorithm resulted in the
same final DEM parameter set as the systematic parameter selection process where
a full factorial design was used. While the systematic selection process required at
least 64 simulation runs, the GSMC with GPR needed less than 23 simulation runs.
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1.10 Conclusion

This chapter discusses one of the most important requirements for the successful
application of the DEM: an understanding of how the DEM parameters influence
the bulk behaviour of granular materials, and why a calibration of these parame-
ters is absolutely necessary if accurate simulation results are to be achieved. The
most important parameters used in almost all DEM models were presented, and
their general influence on simulated results was discussed.

The most commonly used calibration tests were described as well as the problem
of ambiguous parameter sets, which require calibration tests with several measur-
able outcomes (bulk measures). A standard process for the calibration of non- and
slightly cohesive materials was presented, and it was discussed why the calibration
of cohesive materials is much more problematic and still a matter of research.

Finally, the use of optimisation algorithms for an efficient calibration process was
described. Such algorithms might be an essential prerequisite for the complex task
of calibrating cohesive materials.

Although the calibration process is essential for the successful application of
DEM, no available DEM software addresses this issue with a predefined workflow,
including both pre- and postprocessing. Most DEM software have a batch feature to
run a series of simulations with automated parameter variation. For the automated
calibration using optimisation algorithms, open source software packages such as
Decalioc or GrainLearning exist, but they demand a deep understanding of the
whole procedure and require programming skills.

This is one reason why the calibration of DEM parameters – although very
necessary and important – is often performed by experts in the field as a consulting
service. Such services must include suitable experimental tests and the run and
analysis of a series of calibration simulations. Experience proves that, with the
current state of the art in DEM calibration, knowledge of the physical behaviour
of bulk materials in close combination with simulation know-how is required to
obtain accurate calibration results. However, metamodel-based approaches like
those described by Richter and Will [79] might lead to an improved understanding
of the DEM parameters and their influence on the macroscopic behaviour of bulk
materials and, in the future, significantly reduce the complexity of the calibration
process.

Glossary

Angle of repose
Bulk calibration approach
Bulk cohesion
Bulk density
Bulk friction
Bulk stiffness
Calibration philosophies
Calibration process
Calibration test
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Coarse graining
Coefficient of restitution
Cohesive material
Combined scaling
Contact damping
Contact model
Contact properties
Contact stiffness
DEM parameters
Direct measurement approach
Dissipation of energy
Draw down test
Exact scaling
Hybrid scaling
Lifting cylinder
Multi-sphere particle
Non-cohesive material
Optimisation
Parameter combination
Parameter set
Particle density
Particle shape
Particle size distribution
Physical bulk properties
Porosity
Rolling friction
Scalping
Sliding friction
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