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In this research, a universal framework for automated calibration of microscopic properties of modeled
granular materials is proposed. The proposed framework aims at industrial scale applications, where
optimization of the computational time step is important. It can be generally applied to all types of
DEM simulation setups. It consists of three phases: data base generation, parameter optimization, and
verification. In the first phase, DEM simulations are carried out on a multi-dimensional grid of sampled
input parameter values to generate a database of macroscopic material responses. The database and
experimental data are then used to interpolate the objective functions with respect to an arbitrary set
of parameters. In the second phase, the Non-dominated Sorting Genetic Algorithm II (NSGA-II) is used
to solve the calibration multi-objective optimization problem. In the third phase, the DEM simulations
using the results of the calibrated input parameters are carried out to calculate the macroscopic
responses that are then compared with experimental measurements for verification and validation.
The proposed calibration framework has been successfully demonstrated by a case study with
two-objective optimization for the model accuracy and the simulation time. Based on the concept of
Pareto dominance, the trade-off between these two conflicting objectives becomes apparent. Through
verification and validation steps, the approach has proven to be successful for accurate calibration of
material parameters with the optimal simulation time.
© 2018 The Society of Powder Technology Japan. Published by Elsevier B.V. and The Society of Powder
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1. Introduction

The discrete element method (DEM) [1] has become a widely
accepted numerical technique for computing the behavior of gran-
ular materials. However, a major barrier to effective uses of DEM is
selecting appropriate input parameters so that simulations can
accurately reproduce the behavior of real systems. Furthermore,
efficient parameter sets to reduce computational cost are required
for industrial applications. Some microscopic input parameters can
be determined directly from experiments, while others can be
obtained only or more practically by calibration of macroscopic
responses [2-14]. Calibration is traditionally carried out by “trial
and error” in which an iterative process of adjusting unknown
input parameters until the DEM simulated results match the given
measured bulk behavior. “Trial and error” is a purely forward,
primitive methodology and is hence limited by the parametric
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multi-dimensionality and computational expense of performing
DEM simulations.

From a mathematical point of view, DEM calibration is classified
as an inverse problem [15,16]. The process aims at searching for
input parameters such that the model response best matches
experimental data. An inverse procedure of calibration can be
divided into two steps. In the first step, DEM simulations are
carried out to construct an objective function that indicates the
discrepancy between the solution profile of the model and the
experimentally measured profile. To reduce the number of simula-
tions required, approaches such as design of experiment/simula-
tion [17-19], artificial neural network training [20], and Latin
hypercube sampling and Kriging [21], have been used. In the sec-
ond step, optimization is used to search for the optimal parameter
set that minimizes the objective function. Several different opti-
mization methods are used for DEM calibration, e.g., Levenberg-
Marquardt residual minimization [21], Nelder-Mead simplex
[22], weighted least squares [23], Gauss-Newton algorithm [24],
and genetic algorithms [25]. In many practical cases, if the profile
consists of more than one bulk property to be considered, it is for-
mulated as a multi-objective optimization problem (MOOP). In
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earlier work on DEM calibration [17,21-24], MOOPs have been
solved using single-objective optimization. In that work, MOOP is
converted to a single objective function, with different weight fac-
tors assigned to the corresponding objectives. However, the draw-
backs of using single-objective optimization techniques to solve
MOQOP are evident, not only because the solution obtained cannot
capture the tradeoff between the different objectives, but also
because the determination of the weight factors tends to substan-
tially influence the solution. Moreover, gradient-based search tech-
niques [21-24] may converge to a local optimum.

For more than four decades, multi-objective evolutionary
genetic algorithms (MOEAs) [26-29] have been proven to be an
efficient method to overcome the foregoing problems. In this
paper, a DEM calibration framework is presented. In the frame-
work, after choosing the calibration setup, an optimization process
based on MOEAs is carried out. The framework offers novel aspects
that have not been addressed yet in the literature on DEM calibra-
tion. The first novelty is the ability to handle any number of objec-
tive functions with a unified formulation and accommodate the
discrete nature of the design parameters. Secondly, since MOEA
is based on the notion of Pareto dominance, visualizations of trade-
offs among conflicting objectives provide essential information for
decision making during the optimization process. Thirdly, evolu-
tionary algorithms search for a broad portion of the decision space,
and they are hence more likely to reach a set of solutions close to a
global optimum.

The paper is structured as follows: Section 2 presents the novel
DEM calibration framework based on MOEAs. Section 3 describes
the case study for calibration composed of three DEM simulation
setups that replicate numerically the experiments. A two-
objective optimization problem of calibration, in which both the
model error and simulation time are simultaneously minimized,
is defined. In Section 4, the numerical calibration results, verifica-
tion, and validation, are discussed and evaluated. Finally, Section 5
gives conclusions on the performance of the calibration
framework.

2. Methods

The flowchart of the calibration approach consists of three
phases, as illustrated in Fig. 1. In the first phase, calibration setups
are chosen. The calibration setups should reflect the important
physics aspects of final target problems, i.e., material behaviors in
industrial applications. The calibration setups should also be large
enough in relation to particle dimensions to demonstrate realisti-
cally material behaviors as on a large-scale (industrial) case. In
addition, contact force models should be chosen that properly
reflects the nature of the material behaviors. DEM simulations
are then carried out on a user-defined, multi-dimensional grid of
sampled values of the input parameters being calibrated. The sim-
ulated macroscopic outputs and their corresponding experimental
data are used as the database to interpolate the objective functions
with respect to an arbitrary set of parameters. In the second phase,
the Non-dominated Sorting Genetic Algorithm II (NSGA-II) [30],
one of MOEAs, is used to solve the multi-objective optimization
problem. In the third phase, DEM simulations using the calibrated
input parameters obtained from the optimization are carried out to
calculate bulk properties that are then compared with experimen-
tal measurements for verification.

2.1. Simple genetic algorithm

Genetic algorithms (GAs) are search and optimization methods
inspired by Darwin’s theory of evolution of natural selection and
genetics. In a simple genetic algorithm [31], an initial population

of candidate solutions evolves through generations (iterations)
towards individuals with better fitness by applying genetic opera-
tors such as selection, crossover, and mutation. The fitness is mea-
sured by an objective function of the optimization problem being
solved. In each iteration, the better fit individuals are stochastically
selected from the current population for breeding to create a new
generation. The population is then replaced by a new generation
and used for the next iteration of the process. The algorithm termi-
nates when fitness values of the individuals satisfying a predefined
criterion have been found, a predefined maximum number of gen-
erations has been reached, or the best fitness value has reached a
plateau such that successive iterations no longer produce any
improvement.

A single-objective optimization problem for a typical calibration
is given as:

arg min O(x), (1)

such that xeS

where: the design variable vector X = (x1,X>,...X,)" is a set of input
parameters varying within a search space V ¢ R", and intervals S; =
[, u;] (for i =1,2,..,n) are the given lower and upper bounds of
parameter x;. O is the objective function to be minimized, which
is the fitness function of GAs and defined as the discrepancies
between DEM model results and experimental measurement data.

To represent input parameters by means of a binary alphabet, a
function cod; : S; — {0V 1},has to be specified, which codes each
parameter x; in interval S; using binary strings of length L; charac-
ters. An input parameter set, a so called individual in GAs, is repre-
sented by linking together the coded binary strings of all
parameters as cod(X) = cod; (x1)cod;(X3) ... codn(Xy).

For example, a calibration problem involves n = 2 input param-
eters: rolling and sliding friction coefficients, X = (x1,x2) = (K., ),
in ranges [0.1,0.5] and [0.2,0.7], respectively. If, for instance, 4 and
5 binary bits defining ranges of 0000-1111 and 00000-11111 are
used to encode p, and p,, respectively, the encoding functions
cod, and cod, map the continuous solution space into the numer-
ical discrete solution space. The discrete solution space consists

of 2% x 2° = 512 possible values and each value is presented by a
string of 9 binary bits. This encoding provides a numerical preci-

sion of 2501 07-02—0.02666 x 0.01613. A parameter set

(u,, pg) with real values, e.g., (0.2862, 0.5387), can be encoded by
an individual as (011110101), in which the first four digits are used
for u, and the last five digits for yu,. At the beginning of the GA pro-
cess, an initial population P with |P| individuals, is randomly
generated.

In the next phase of GAs, selection techniques are used to
choose the new population of individuals for the next generation.
Selection is an important part of GAs since it affects significantly
their convergence. The basic strategy follows the rule: the better
fit an individual, the larger the probability of its survival and mat-
ing. In this study, the most widely used selection type, the so-
called binary tournament selection [31], is applied. It assumes that
the probability of selection for crossover is proportional to the fit-
ness of an individual.

The crossover operator mimics the natural process in biology
whereby genes from two parents meet to produce new offsprings
that are a mix of the parent’s genes. Crossover is vitally important
in introducing new possible solutions by exploring new domains of
the search space. Individuals, as a result of the selection process,
are randomly selected and mated in pairs using a single-point
crossover [31].

The mutation operator is used to promote genetic diversity
from the current population to the next, aiming at introducing
new genetic information in the search. Analogous to biological
mutation, this operator alters one or more gene values in randomly
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Fig. 1. Flowchart of the calibration approach.

selected individual strings with a certain probability, for instance,
0.01 as used in this study.

2.2. Multi-objective genetic algorithm

Multi-objective evolutionary algorithms (MOEAs) [32] are
found to have more advantages than the simple GA in solving
multi-objective optimization problems (MOOPs). With MOEAs,
tradeoffs among conflicting objectives can be visualized using a
Pareto-optimization process, in which individuals are sorted by
all objectives to select the best candidates for the next generation.
The concept of Pareto dominance is defined here to understand

how the MOEA operates. An individual dominates another if it
has a better fitness in at least one objective function and is no
worse in the rest of the objectives [33]. With this concept, the
key difference from a single-objective optimization is that the
selection process of MOEA remains non-dominated solutions. An
evolutionary process of two objective-optimization is illustrated
in Fig. 2, where a population P with a fixed number |P| of individ-
uals is randomly created and then optimized. Through the evolu-
tionary process from generations t =0 to t = tnay, individuals
relocate to the so-called Pareto-optimal front. All individuals lying
on this front are non-dominated and optimal solutions to the
MOOP.
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|

Fig. 2. Schematic diagram of two-objective optimization, showing a randomly
initiated population of individuals at t = 0 evolving towards a Pareto-optimal front
at t = tmax.

In this study, the Non-dominated Sorting Genetic Algorithm II
(NSGA-II) proposed by Deb et al. [30] is used. The flowchart of
NSGA-II is illustrated as phase II in Fig. 1. At a certain generation
t, an offspring population Q, is generated by applying the genetic
operators, selection, crossover, and mutation, on the current popu-
lation P;, forming a combined parent-offspring population R; of
size of 2 |P|. New parents are sorted from the combined population
R; by using binary tournament selection based on their non-
domination rank into fronts F; (i = 1,2, ...): the first front F; being
completely non-dominated in the current combined parent-
offspring population Q,; the second front F, being dominated only
by individuals in the first front; and so forth. To select exactly |P|
individuals that will constitute the parent population in the next
generation t + 1, the algorithm first selects all fronts (with the pri-
ority for lower/better ranks) that can be completely packed within
the population size of |P|. The remaining individuals (if any) are
selected by considering a crowding distance parameter, used to
distribute individuals more evenly along the non-dominated front.

2.3. Discrete element modeling

DEM is a numerical technique for computing the motion and
collisions of a large number of small particles. In this study, the
open-source software LIGGGHTS [34] is chosen to conduct DEM
simulations. The classical Hertz-Mindlin contact theory with
elastic-plastic spring-dashpots rolling friction model is employed
in describing non-cohesive interaction between individual parti-
cles. In a simulation, the motions of particles are integrated for-
ward in time using discrete time steps. The sand grains are
modeled as soft-spherical particles whose realistic deformation
under collisions are simplified by their overlaps. At a certain time
step, the total force from friction and gravity acting on each parti-
cle is calculated. The change in the position and the velocity of each
particle during this time step is computed using an integration
scheme such as the Verlet algorithm [35]. The new positions are
used to compute the forces during the next time step, and this loop
is repeated until the simulation ends.

3. Case study

To demonstrate the performance of the calibration framework,
a case study is investigated. In this case study, hourglass, ledge,
and conical pile formation tests are simulated for the calibration,

verification, and validation process. The experimental results of
these three tests were obtained and reported by Derakhshani
et al. [36]. The hourglass test is used to calibrate and verify an
input parameter set of micro properties by comparing observable
macro properties on the bulk density, angle of repose (AoR), and
discharging time obtained from DEM simulation and experiment.
Then, the ledge and conical pile tests are used to validate these cal-
ibrated input parameters by comparing the AoR obtained from
DEM simulation and experiment.

3.1. Sandglass simulation

The simulation setup of the hourglass test on quartz sand mate-
rial is sketched in Fig. 3. The properties of the quartz sand as the
DEM input parameters with their possible values are listed in
Table 1. Although, for the use of the algorithm, any interval can
be chosen, some of these parameter intervals are defined according
to the data from the study by Derakhshani et al. [36], while the
other, e.g., the lower bound of Young’s modulus, are chosen based
on feasible and acceptable bounds for LIGGGHTS’s input. An
amount of 25g of mono-sized spherical particles is randomly
poured under gravity into an empty cylindrical hopper of 32 mm
with its initially closed neck of 5 mm in diameter. After the parti-
cles are settled, the filled bulk density is calculated using the total
particle mass over the filled volume. The plug of the hopper neck is
then quickly removed and particles start to discharge under grav-
ity. The mean kinetic energy of the particles remaining in the hop-
per is used as a criterion in the DEM simulations to assess the
stability of the slope. In this study, a value of mean kinetic energy
of 10~'° J of particles remaining in the hourglass is defined as the
reference for a stable state of the system. Then, the discharging
time is calculated as the time between removal of the plug until
the stable state has been reached and the AoR of the slope can then
be computed.

3.2. Ledge simulation

The simulation setup of the ledge test is depicted in Fig. 4. To
reduce the simulation time, periodic boundary conditions were
applied on the front and back sides of the ledge test. The periodic
boundary condition means that when an object passes through
one side of the rectangular box, it re-appears on the opposite side
with the same velocity. Mono-sized spherical particles of sand are
randomly filled into a rectangular box of 16 x 16 x 3.2 mm? in
length, height and width, respectively. These dimensions of the
rectangular box are large enough to eliminate the wall effect on
the simulated AoR. After the particles are settled, the flap opens
to release them and to form the slope of the material. When the
mean kinetic energy of particles remaining in the ledge has been
reached to the reference value of 10~'° |, the AoR of the slope
can be computed.

3.3. Conical pile simulation

The simulation setup of the conical pile formation test using the
cylinder method is sketched in Fig. 5. Mono-sized spherical parti-
cles are randomly poured into an empty cylinder of 32 mm in
diameter. The particles are given some time to settle to a desired
height of 20 mm. The cylindrical wall is lifted upward with a con-
stant speed of 10 mm s~! and then it is kept in the fixed height of
10 mm from the base. The particles are discharged and form a con-
ical pile. The AoR of the pile can then be computed when the mean
kinetic energy of the particles of the pile has been reached to the
reference value of 1071° J.
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Fig. 3. Simulation setup of the hourglass test.

Table 1

Input parameters that varies with their values used in DEM simulations to generate the interpolation grid. The lower and upper bounds of each parameter interval are specified by
their minimum and maximum sampling values. The cross product of all parameter intervals defines the search space of the optimization problem.

Input parameter Symbol Unit Interval Number of sampling
Rolling friction coefficient Uy - [0.1, 0.5] 5
Sliding friction coefficient s - [0.2, 0.7] 6
Particle radius r mm [0.3, 0.4] 3
Particle density Py kg m—3 [2600, 2800] 3
Particle Young’s modulus E MPa [5, 500] 3

Rectangular box

!

16mm

periodic boundary condition

Fig. 4. Simulation setup of the ledge test.

3.4. Two-objective optimization problem setup

Five independent variables, listed in Table 1, are being cali-
brated using the sand glass simulations: static friction and rolling
friction coefficients between particles, radius, density and Young's
modulus of particles. The other input parameters, which are fixed
for all DEM simulations, are listed in Table 2. The actual input time
step used for the calibration process is 2 x 107° s to guarantee the
stability and accuracy of all DEM runs. Three macroscopic proper-
ties from the experimental observations, listed in Table 3, are con-

sidered as the target references for the simulated outputs: bulk
density, AoR, and discharging time of the sand material. The cali-
bration process searches for the optimal input parameter set
whose simulation produces the best match of simulated outputs
with the experimental measurements and/or consumes the least
simulation time.

Even though a reduction in simulation time can be obtained by
increasing the simulation time step, a sufficiently short time step is
required to ensure the numerical stability and accuracy of DEM
computations. The input simulation time steps are suggested to
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Table 2
Input parameters that are fixed for all DEM simulations to generate the interpolation
grid.

Input parameter Symbol Unit Value
Poisson’s ratio v - 0.3
Coefficient of restitution e - 0.9
Simulation time step t sec 2%x10°8

Table 3
Experimental measurements are considered as the targeted references for simulated
outputs [36].

Experimental measurement Symbol Unit Value
Bulk density Pex kg m—3 1530
Angle of repose AORex deg 41.57
Discharging time Disex sec 6.56

be smaller than 20% of the critical time step that is determined by
Rayleigh’s time as:

P
L_omE 2
0.163v +0.8766

Therefore (2) indicates that DEM simulations with a bigger
radius, a higher density, and a smaller Young’s modulus of parti-
cles, will reduce the simulation time. Since the stable Rayleigh’s
time step is dependent on the parameter values, the time step is
included in the optimization process as an additional cost criterion.
Hence, the result from the optimization process will not only be an
accurate set of parameter values but will also result in the largest
minimum time step. This is especially important for computation-
ally intensive large-scale industrial applications.

In this optimization problem, two objective functions are
defined for minimization of the simulation error and the simula-
tion time. The first objective function O; is defined as the total rel-
ative discrepancies between the numerical outputs and the
experimental measurements on AoR, discharging time, and bulk
density:

_ |AORs; — AOR| N |Dissi — Disey| N [Psi — Pex|

O AoR, Disex Pex ®
and in short:
O] = EerR =+ ErDjs + Erp (4)

In this particular optimization example, the weights of three
error components are equally contributing to the total simulation
error. Thus, the weights of each term in the right hand side of Eq.
(3) are set to be the same. Generally, the weights can be set to
any value.

The second objective function O, aims to reduce the simulation
time:

min __ pmin min
02 = 7<rn11ﬂax7rrmin> - ( Ironl;x ppmin) + ( rfax £ min) +2 (5)
Py Pp E™ —E
where [r“‘ax,rmi“],[p;“‘”‘,p{,“‘“],[Emax,Emi“} are the intervals for the
radius, density, and Young’s modulus of particles, respectively,
which are listed in the column “Interval” in Table 1.

In (5), the second objective function O, is defined as the sum-
mation of three linear functions of three independent variables
that are the parameters being calibrated: radius, density, and
Young’s modulus of particles. Minimizing O, leads to maximizing
the Rayleigh’s time step Tk, and thus reducing the simulation time.
In the objective function O,, the negative sign for the radius and
density functions and the positive sign for the Young’s modulus
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imply that higher radius, higher density, and lower Young’s modu-
lus values are preferred. The addition of 2 guarantees a positive
objective function, since:

min(0;) = 0y(r =™, p, = py* E = E™M) =0 (6)

max(0;) = O(r = 1™, p, = i E = E™) =3 (7)

Input parameters for the GA are listed in Table 4. An initial pop-
ulation of 5000 individuals is randomly created. This population
size is found to be good enough to demonstrate the performance
of the NSGA-II algorithm for the optimization problem proposed
in Section 3.4. By using 8 bits for encoding each calibrated input
parameter, as shown in Table 1, the number of possible values

for each parameter is 2% = 256. Each individual in the population
is encoded by a binary string of length 40 bits. The properties of
this encoding are listed in Table 5. As it is usually done in GAs
[31], a high probability of crossover and a low probability of muta-
tion are chosen. The population evolves through 100 generations
by which the Pareto front has stabilized and successive generations
no longer produce any further improvement.

4. Results and discussion

The microscopic input properties are calibrated, and then veri-
fied using simulations of the hourglass test. Afterwards, these cal-
ibrated properties are validated using simulations of the ledge test
and the conical pile test.

4.1. Calibration using sandglass simulation

A typical running process using NSGA-II for the optimization
problem proposed in Section 3.4 is shown in Fig. 6. This figure pre-
sents snapshots of the two objective functions at generations
t=0,t=1,t=2,t=3,t=20, and t = 100. The initial population
of size 5000 is scattered on the search planes, shown in Fig. 6a.
The total relative error O; varies from 0 to around 0.5 and the sim-
ulation time characteristic of O, varies from 0 to 3. As expected, the
variation of O, is in agreement with Eqs. (6) and (7). A comparison
between Fig. 6a and b indicates that a large amount of dominated
individuals surrounding the upper-right corner is removed from
the population during the first generation. This is because after
obtaining the combined population of size 2 x|P|, those individuals
are badly ranked by the non-dominated sorting algorithm. In the
next generations, as shown in Fig. 6¢, d, e, and f), the individuals
densely populate and gradually relocate towards the origin at the
lower-left corner. In this case study, the number of individuals
remains the same, though the populated area tends to shrink at
each generation. Through the evolution process, the population
gradually stabilizes to its final best front that does not show any
further improvement in the next generations. This means that
the algorithm has converged. The final front, at t = 100, shown in
Fig. 6f, clearly demonstrates the trade-off between the two objec-
tives functions.

Table 4

Input parameters of GA.
GA’s parameter Value
Population size 5000
Maximum number of generation 100
Chromosome length (bit) 40
Crossover probability 0.9
Mutation probability 0.01

Table 5
Input parameter intervals are encoded using binary bits and their corresponding
numerical precision.

Parameter Interval Numerical precision

Hy [0.1,0.5] 157 x 1073

n [0.2,0.7] 1.96 x 1073
[0.3,0.4] 3.92x 1074

Py [2600, 2800] 0.7843

E 5,500] 1.9412

To measure the performance of NSGA-II on this optimization
problem, the mean generational distance G; of front Pf; at genera-
tion i is computed as:

_ Z;‘:l dj

Gi o

8)

where n is the number of points on front Pf;, d; is the distance from
point j on front Pf; to its nearest point on the final front at genera-
tion tmax = 100.

The two-objective optimization problem is carried out three
times to compute the mean generational distances, as plotted in
Fig. 7a. The overlapping of the three mean generational distance
curves clearly indicates that the algorithm provides consistent
results of Pareto fronts. All mean generational distances quickly
drop down after a few generations, then approach to zero after
about 30 generations. This means the fronts, which are from
30th generation on, already converge onto the best front shown
in Fig. 6f.

To take a closer look at the convergence rate of the optimiza-
tion problem, the mean generational distance curves are plotted
again in the logarithmic scale. Fig. 7b indicates that the conver-
gence rate of the algorithm is in a logarithmic law with respect
to generation.

In Fig. 6f, four individuals A, B, C, and D are extracted from the
final front at generation t = 100. Individual A represents a solution
with the parameter set that consumes the longest simulation time,
but gives the smallest total simulation error of zero. This means
that there is a perfect match between the simulated outputs and
the referred experimental measurements, simultaneously on bulk
density, AoR, and discharging time. On the contrary, individual D
represents a solution with the parameter set that gives the largest
total simulation error of 0.0428, but consumes the least simulation
time corresponding to the optimal value of O, of zero. This is
achieved when the variables are assigned to their bound values,

ie, r=r"*p =pr* and E= E™". The results of the calibrated

input parameters and the objective function values of individuals
A,B,C, and D are listed in Table 6.

4.2. Verification using sandglass simulation

For verification of the calibration results, four DEM simulations
using the optimized input parameter sets of individuals A, B, C, and
D are carried out to calculate bulk properties. Subsequently, the
values of objective functions O; and O, at the optimized input
parameter sets are calculated using Egs. (3) and (5). The values
of O0; and O, listed in Table 7 are in good agreement with those
listed in Table 6. The simulation errors of individual D mainly stem
from the bulk density error that is strongly controlled by the input
particle density value. It is found that the values of rolling and slid-
ing friction coefficients of individuals A and D can be swapped to
produce similar AoR outputs.
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Fig. 6. Pareto front evolution of the two objective functions in NSGA-IL

4.3. Validations using ledge and conical pile simulations

The validity of the verified DEM calibration is assessed by
simulating ledge and conical pile formation tests as presented
in Section 2.3. For each numerical test, four DEM simulations
using the optimized input parameters sets of individuals A,B,C,

and D are run to calculate AoR. The numerical AoR results from
ledge and conical pile simulations are listed in Tables 8 and 9,
respectively. A good agreement between the numerical results
and the experimental measurements for both these test setups
confirms that the input parameter sets are validated with high
accuracy.
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Table 6
Calibration results.
Individual A B C D
Uy 0.429 0.395 0.361 0.327
s 0.351 0.377 0.403 0.429
r 0.4 0.4 0.4 0.4
Pp 2712.16 2741 2770 2800
E 4.96 x 107 3.47 x 107 1.98 x 107 5 x 10°
Eraor 0.0001 0.0004 0.0008 0.0003
Erpis 0.0005 0.0009 0.0017 0.0016
Erp 0.0005 0.0135 0.0272 0.0427
0, 0.0011 0.0148 0.0297 0.0445
0, 0.5294 0.3529 0.1765 0.0000
Table 7
Verification results.
A B C D Experiment
AoR 41.60 41.66 41.66 41.71 41.57
Dis 6.54 6.62 6.64 6.66 6.56
P 1531 1554 1586 1594 1530
Eraor 0.0007 0.0022 0.0022 0.0034
Erpis 0.0030 0.0091 0.0122 0.0152
Er, 0.0008 0.0157 0.0366 0.0419
0, 0.0045 0.0270 0.0510 0.0605
0, 0.5294 0.3529 0.1765 0.0000
Table 8
Validation results using ledge test.
A B C D Experiment
AoR 35.65 35.59 34.96 35.79 35.1
Eraor 0.0157 0.0140 0.0040 0.0197
Table 9
Validation results using conical pile test.
A B C D Experiment
AOR 33.70 33.89 32.55 33.17 33.00
Erpor 0.0212 0.0270 0.0136 0.0052
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4.4. Conclusion on the case study

In this case study, rolling and sliding friction coefficients, size,
density, and Young’s modulus of particles of a DEM model are
determined based on the known bulk properties of density, AoR,
and discharging time. The verification and validation on the cali-
brated parameter sets have confirmed that the -calibration
approach can be utilized to predict accurately micro properties of
granular materials with high reliability.

When the Rayleigh’s time step is actively considered as a cali-
bration target, the actual time step size assigned in simulations
can be increased significantly, while the overall numerical calibra-
tion error is still negligible. The algorithm is able to capture the
tradeoff between the model accuracy and the simulation time.

The generational distance analysis indicates that NSGA-II has a
logarithmic convergence rate and the convergence has been
obtained after 30 generations.

5. Conclusion

In this paper, an automated calibration framework based on
NSGA-II, a multi-objective optimization evolutionary algorithm,
has been presented. Through a case study with two-objective
optimization, the model accuracy and the computational time,
the calibration framework has been successfully demonstrated.
The Pareto-optimal front visualizes the best compromise between
the two conflicting objectives. This feature of the calibration
framework is important for large-scale  applications.
Pareto-fronts can be used to reduce optimization run time by
indicating candidate solutions of parameter set that will be used
for large-scale problems with acceptable user-defined accuracy
and simulation time.

The case study illustrates that the population has been
stabilized onto the Pareto-optimal front by which subsequent
generations create individuals that spread uniformly along it.
However, the algorithm has difficulties when trying to find the
individuals with extreme values on the Pareto-optimal front.

The Pareto-optimal front indicates that there is a solution
domain of several feasible input parameter sets that result in sim-
ilar simulated bulk responses as the desired calibration targets. To
narrow the solution domain down, more targets should be
included in the objective function for matching bulk responses
with experiments. This would require further appropriate experi-
mental and numerical tests. In such cases, it emphasizes the need
for a systematic and automated calibration approach such as the
universal framework as presented in this study.

The genetic algorithm is robust and stable in a variety of
calibration applications. When laboratory calibration setups and
contact force models are appropriately chosen, i.e., reflect the dom-
inant material behavior in the application, the proposed optimiza-
tion procedure can be generally applied. The procedure can be used
with any contact force model. It is expected that laboratory model
setups with a sufficient dimension relative to the particle size can
be used to obtain parameter sets for large-scale industrial applica-
tions. In that case similarity of material behavior in laboratory and
application can be expected.

In principle, any contact force model can be used. However,
when a high number of parameters of contact force models needs
to be calibrated, the procedure will take longer. To reduce compu-
tational cost and then improve the calibration framework, it could
be combined with other methods. The genetic algorithm with a
coarse gird of the design space is first used to identify the areas
with desirable values of the objective functions. Then, gradient-
based optimizations on these areas can be used to identify the
solutions with higher accuracy.

Appendix A. Supplementary material

Supplementary data associated with this article can be found, in
the online version, at https://doi.org/10.1016/j.apt.2018.03.001.
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