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Abstract
In recent years, particles have gained popularity as crash absorbers. To improve their mechanical properties, a coating layer
can be applied. To predict the effect of this coating, a numerical model must be developed. For this purpose, the present study
employs the discrete element method, extended by the bonded particle method, using both high- and low-fidelity approaches.
In this framework, a single physical particle is modelled as a cluster or agglomerate of smaller particles bonded together.
To identify the parameters involved, a sensitivity analysis is performed, followed by optimisation using the particle swarm
algorithm, with calibration based on uniaxial single particle compression tests. Once an optimised parameter set is obtained,
the models are validated against multi particle compression test results. The outcomes of this study demonstrate the potential
of the proposed methodology for simulating large-scale compression tests of coated granular materials.

Keywords Discrete element method · Bonded particle method · Breakage · Fidelity · Cost

1 Introduction

The use of granular media has gained significant interest in
recent years as a medium for energy absorption and damp-
ing [10, 20]. This is particularly beneficial in the field of
ship design, as illustrated in [23, 24], where a ship’s dou-
ble hull was filled with particles. These particles dissipate
energy through crushing. Furthermore, the entire structure
behaves like a sandwich beam, which facilitates the trans-
fer of load from the outer to the inner hull. As a result,
the ship’s crashworthiness is improved. This is important
for several reasons, including enhanced safety for crew and
passengers, protection of the environment, such as prevent-
ing catastrophic oil spillages, and the economic implications
associated with repair costs.

Previous studies have shown that lightweight expanded
glass granules, such as Poraver®, made from recycled glass,
are particularly suitable due to their properties, including
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being lightweight, non-flammable, hydrophobic and non-
toxic [29]. However, a key challenge remains: under cyclic
loading, the granules are crushed into fine dust. Conse-
quently, their mechanical performance is reduced due to
abrasion and variability in breakage behaviour.One approach
to overcome this is to apply a coating layer around the par-
ticles [14]. This additional layer improves the mechanical
strength, energy absorption capacity and resistance to abra-
sion. Additionally, the formation of dust was significantly
reduced from 14.6% to less than 0.5% when coated particles
were used in a cyclic loading test. Moreover, multi parti-
cle compression tests showed, as mentioned above, higher
energy absorption and strength compared to uncoated par-
ticles. Importantly, these advantages were achieved while
maintaining a low overall density, preserving the lightweight
nature of the material. These findings confirmed that coated
particles are promising when used as crash absorbers in a
ship’s double hull.

In order to predict the crushing behaviour of coated par-
ticles on large-scale experiments, a numerical model needs
to be developed. Although physical experiments provide an
accurate picture, they are costly, time consuming and difficult
to realise due to need for specialised equipment, complex test
setups, and large material quantities. Moreover, they offer
limited flexibility for studying the influence of individual
parameters, such as the effect of coating on particle breakage
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in a double hull experiment. Therefore, a reliable numerical
model is needed to generalise and explore larger parame-
ters space. For this purpose, the discrete element method
(DEM) is a natural choice since it simulates particle motion
using Newton’s laws. However, these particles are treated
as quasi-rigid bodies. To be able to simulate the breakage
of particles, DEM can be extended using the bonded particle
method (BPM), wherein each physical particle is represented
by a cluster of smaller particles bonded together [18].When a
failure criterion is reached, the bonds break, which simulates
the physical particle’s crushing behaviour. This DEM-BPM
approach has been applied successfully to simulation show-
ing crack initiation and propagation [2–4].

In this work, we develop a DEM-BPM model to simu-
late the breakage of coated particles using the open-source
code MUSEN [6]. The model is calibrated using experi-
ments of single and multi particle tests using sensitivity
analysis and particle swarm algorithm (PSO) to determine an
optimised set of parameters. Since a high-fidelity approach
is computationally expensive, we propose a low-fidelity
approach that exhibits a similar mechanical response for a
lower computational cost with the aim of performing large-
scale simulations, for example double hull simulation, in the
future.

2 Coated particles

The particles considered in this study, as mentioned in the
previous section, consist of a porous and brittle glass core,
which is surrounded by a thin layer of coating material. The
core material, Poraver®, is produced by heating recycled
glass resulting in particles, with diameters ranging from 2
to 4mm. They have a high porosity of 75.6% (closed pores)
and a bulk density of 230kg/m3 for grain size between 1
and 2mm [17]. These properties make them suitable can-
didates as lightweight filler materials for energy absorption.
Since they are manufactured from recycled material, they are
environmentally friendly. However, the porous microstruc-
ture also makes them brittle. In particular, under dynamic
loading, they tend to fragment into finer particles or dust [14].
This leads to a reduction in their energy absorption capability,
as well as the formation of dust and increased maintenance
requirements. Moreover, they never exist as perfectly spheri-
cal objects, resulting in variability in their crushing behaviour
and necessitating careful statistical analysis based on differ-
ent diameter fractions to determine theirmechanical response
[30]. This is illustrated through the cross section of a coated
particle under a laser electronmicroscope inFig. 1. The thick-
ness of the continuous layer on the outside varies from 70 to
100µm. Moreover, the microstructure of the core material is
significantly porous.

Fig. 1 Cross section of a coated particle under a laser electron micro-
scope, showing a coating thickness of 70–100µm and the porous
structure of the core material Poraver®

3 Experimental setup

To provide calibration and validation data for the numeri-
cal model, two types of compression tests were performed,
namely the single andmulti particle compression tests. These
experiments were conducted in a previous study [14], and
their key aspects are summarised here.

3.1 Single particle compression test (SPT)

In this experiment, a coated particle is compressed between
two flat, rigid steel plates using a Texture Analyzer (Sta-
ble Micro Systems Ta.XTplus). The particle is placed on
the lower steel base plate, while the upper plate (punch)
moves downwards at a constant velocity to crush the parti-
cle. The displacement of the punch is recorded together with
the applied force. A low compression velocity of 50µm/swas
applied until 35% of strain was reached. This ensures that the
loading is slow enough to neglect dynamic effects that might
otherwise arise. As mentioned in Sect. 2, due to variabil-
ity in the particle geometry, the force-displacement curves
obtained from such experiments are not identical. Neverthe-
less, an average curve can be derived and used for calibration
and validation purposes. The key metrics for this test include
the Young’s modulus, crushing force, crushing strain, and
energy absorbed. A depiction of the test setup is shown in
Fig. 2.

3.2 Multi particle compression test (MPT)

To assess the bulk compressive behaviour of particles, multi
particle compression tests were carried out. In this setup, the
coated particles were confined within a rigid steel cylinder
with an inner diameter di of 50mm. The cylinder was ran-
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Fig. 2 Experimental setup of a single particle compression test, where
d is the particle diameter, vc is the compression velocity, and F is the
force recorded by the punch

domly filled with particles such that the mass was 7.1g. This
leads to a variable number of particles per experiment, due
to differences in particle size and porosity. Consequently, the
total specimen height inside the cylinder also varies. The top
surface was levelled to ensure a uniform force distribution
across the particle bed. A rigid steel punch was then moved
downwards at a constant velocity of 1mm/min for a total dis-
placement of 11mm. Note that the velocity is slow enough
to make sure dynamic effects are not introduced. A load cell
attached to the punch recorded the force during compression.
Using this data, stress–strain curves were generated, which
were used to determine the energy absorbed, Young’s mod-
ulus, and to analyse the different phases of the compression
process. An illustration of the MPT setup is shown in Fig. 3.

4 Numerical approach

This section details the numerical approach used to simu-
late the mechanical behaviour of coated particles. DEM is
combined with BPM to allow for simulation of the breakage
behaviour.

4.1 Discrete element method

The discrete element method is employed to simulate the
mechanical interactions of the particles [5, 32]. Each particle
is treated as a quasi-rigid body, and themotion is governed by
Newton–Euler equations. For a particle p, the translational

Fig. 3 Experimental setup of a multi particle compression test, where
di is the inner cylinder diameter, vc is the compression velocity, h is the
height of cylinder, and F is the force recorded by the punch

velocity has to satisfy:

mp
dv p

dt
=

n∑

i=1

F p,i + ρpVp g, (1)

wheremp is themass of particle p, v p is its velocity, F p,i are
the contact forces actingon the particle,ρp is themass density
of particle, Vp is the volume of particle, g is the gravity, and
n is the number of interacting neighbours or contact forces.
The rotational motion is described by:

Ip
dωp

dt
=

n∑

i=1

M p,i , (2)

where Ip is the moment of inertia of the particle, ωp is the
angular velocity, and M p,i are the torques acting on the par-
ticle. Both equations are solved for each particle p using the
leapfrog method [13].

For solving the contact problem, a quasi-rigid sphereDEM
approach is implemented, wherein particles are allowed to
slightly overlap with each other or with walls. The contact
forces are computed as a function of overlap and material
properties. We use an elastic contact model with damping
known as the Hertz–Mindlin model [11, 26]. The normal
contact force is calculated as:

Fn =
(
−knξ

3/2
n − ηnvrel,n

)
n, (3)

where ξn is the normal overlap (penetration distance), kn is
the normal contact stiffness factor, ηn is the normal damping
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coefficient, vrel,n is the relative normal velocity, and n is the
unit vector in the direction of the contact normal. ForHertzian
contact, the stiffness is given by:

kn = 4

3
E∗√R∗, (4)

where E∗ is the effective Young’s modulus and R∗ is the
effective radius. The tangential force Ft is calculated using
the Mindlin model,

Ft = Fprev
t + ΔFt + Ft,damp, (5)

where Fprev
t is the tangential force from the previous

timestep, ΔFt is the incremental elastic tangential force,
and Ft,damp is the tangential damping force. The incremental
elastic tangential force is defined as:

ΔFt = ktΔξ t , (6)

where Δξ t = vrel,tΔt is the relative tangential displacement
over the time stepΔt , and vrel,t is the tangential component of
the relative velocity. The tangential stiffness kt is calculated
as:

kt = 8G∗√R∗ξn, (7)

where G∗ is the effective shear modulus. To account for
energy dissipation in the tangential direction, a damping
force is added:

Ft,damp = −γt
√
kt M∗vrel,t , (8)

where γt is the tangential damping coefficient and M∗ is the
effective mass. To ensure that the tangential force does not
exceed the Coulomb friction limit, it is restricted by:

if |Ft | > μs |Fn|, Ft = μs |Fn| Ft

|Ft | , (9)

where μs is the sliding friction coefficient. Rolling friction
is also considered by introducing a torque that resists the
relative rotation of particles. The rolling torque applied to
particle i is given by:

Mr ,i = −μr ri |Fn| ωi

|ωi | , (10)

where μr is the rolling friction coefficient, ri is the radius
of particle i , and ωi is the angular velocity of the particle.
This torque acts against the motion of particles and therefore
reduces the tendency to roll freely due to reduction in angu-
lar momentum. Moreover, it leads to conversion of kinetic
energy into frictional energy. This is important in real gran-
ular assemblies where particles experience rolling resistance

Fig. 4 Comparison of the micro-cracking with the elasto–plastic bond
model stress–strain curve

due to surface roughness, local plastic deformation at the
contact point, and viscoelastic effects. Additionally, it can
lead to a more static configuration in granular systems where
rolling effects are dominated.

4.2 Bonded particle method

The approach is based on the method introduced by [18] for
modelling rock as a cemented assemblyof grains. To simulate
a coated particle breakage, a single physical coated particle
is represented as an agglomerate or cluster of many smaller
particles that are bonded or glued to each other. Each bond
is virtual as it is massless with its strength and deformability
charaterisedby thematerialmodel alongwith the geometrical
and material parameters. For this work, the model is taken
from [22] and depicted in Fig. 4.

The stress in the bond increases linearly with strain until
the yield stress is reached. For the elasto–plastic model, once
the yield stress σb,y is reached, the stress remains constant
during further loading until a critical breakage strain εb,max is
exceeded. The bond is then considered broken and removed
from the simulation. The total strain in the bond εb,T consists
of an elastic part εb,e and a plastic part εb,p, such that

εb,T = εb,e + εb,p, (11)

and the stress in the bond is given by

σb = kb(εb,T − εb,p), (12)
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where kb is the bond stiffness. The yield condition for the
bond is expressed as

f (σ ) = |σb| − σb,y ≤ 0, (13)

which limits the maximum stress that can be carried inside
the bond and introduces plasticity beyond the yield point.
In contrast, the micro-cracking model allows the bond stress
to drop when the yield stress is reached, simulating sudden
energy releases due to micro-crack formation. Each stress
drop is defined probabilistically using a damage factor ηw,
uniformly sampled between 0 and 1. The remaining bond
stress after a micro-crack is calculated as

σb,rem = ηwσb, (14)

and the stress continues to increase linearly again with the
same slope as in the elastic region until the yield stress is
reached once more. This cycle of yielding, sudden stress
drop, and reloading continues until the total strain εb,T
exceeds the breakage strain εb,max, at which point the bond
is removed. The purpose of using such a micro-cracking
formulation is to account for the experimentally observed
crackling and brittle failure mechanisms described in [14].
A full microscopic representation of the porous coating and
core structure, as shown earlier in Fig. 1, would require
an extremely fine-scale modelling. Instead, this mesoscale
approach provides a more computationally feasible method
to capture breakage behaviour while maintaining physical
realism, as supported by findings in [22].

Regardless of the specific bond model, the underlying
computation of stress is rooted in classical beam theory [19].
Each bond is treated like a small elastic beam connecting two
particles, and both normal and tangential forces, as well as
torques, are computed based on the relative motion between
particles. These force and torque increments are updated at
every time step and used to determine the evolving stress state
inside the bond. The incremental bond forces and moments
are given by:

ΔFb,n = Eb

Lb
Abvrel,nΔt, (15)

ΔFb,t = Eb

2Lb(1 + ν)
Abvrel,tΔt, (16)

ΔMb,n = − Eb

2Lb(1 + ν)
Jbωrel,nΔt, (17)

ΔMb,t = − Eb

Lb
Ibωrel,tΔt, (18)

where Eb is the bond’s Young’s modulus, Lb is its length, Ab

is the cross-sectional area, and ν is the Poisson’s ratio. The
terms vrel,n and vrel,t denote the normal and tangential com-
ponents of the relative translational velocity, while ωrel,n and

ωrel,t represent the relative rotational velocity components.
The geometric terms Ib and Jb are the moment of inertia and
polar moment of inertia of the bond’s cross section. Once
these force and torque increments are determined, the result-
ing bond stresses can be computed as:

σb,n = |Fb,n|
Ab

+ |Mb,t |
Ib

Rb, (19)

τb,t = |Fb,t |
Ab

+ |Mb,n|
Jb

Rb, (20)

where Rb is the bond radius. These stress measures are then
compared against model-specific strength criteria to deter-
mine if the bond fails. In this way, beam theory provides
a consistent foundation for all bond formulations, whether
purely elastic or incorporating complex fracture mechanisms
such as plasticity and micro-cracking.

4.3 High- and low-fidelity approach

As mentioned in Sect. 1, we use the open-source code
MUSEN [6] to simulate particle breakage using the DEM
andBPMapproaches described in the previous section.How-
ever, such an approach is computationally expensive. Firstly,
depending on the number of particles, the degrees of freedom
increase significantly, especially if one attempts to model
the microstructure of the coated particle illustrated in Fig. 1.
This would require reducing the diameter of DEM particles
to below a nanometre, which, when combined with BPM,
would necessitate a large number of particles to represent
a single physical particle. Additionally, large-scale experi-
ments would become computationally infeasible.

To overcome this, the model was simplified at the
mesoscale level rather than at the microscale, allowing for
reasonable fidelity while reducing computational cost. Sec-
ondly, significant memory is required at each time step to
keep track of contact partners. MUSEN addresses this using
Verlet lists [27], which are combined with the linked-cell
algorithm [21] to reduce computational time through par-
allelisation. However, even this optimisation is insufficient
for large-scale multi particle simulations, where the particle
count may exceed one million. Furthermore, the number of
contact partners can increase significantly in highly com-
pressed regions. To further simplify the approach, two
different numerical models were developed, both depicted
in Fig. 5.

For both setups, the overall geometry of the model is
spherical. This ensures that the stress–strain relationships
presented in latter sections are independent of the agglom-
erate shape. Instead, the results highlight how both high-
(HF) and low-fidelity (LF) approaches can be usedwithin the
same setup to achieve similar outcomes. This is consistent
with the findings of [22], where variations in porosity and the
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Fig. 5 Cross-section of the
DEM-BPM representation of a
coated particle

Table 1 Summary of the differences in structure between the high- and
low-fidelity model

HF LF Factor of reduction

Parameters 28 14 2.00

Bonds 8685 3180 2.73

Particles 2141 484 4.42

geometry used for particle generation significantly affected
the stress–strain response during compression tests. Once
the agglomerate geometry is fixed, the difference between
LF and HF models lies in the representation of the coating
layer. As shown earlier in Fig. 1, the dense coating layer
is approximately 100µm thick. To model this, a significant
number of smaller particles (diameter 0.1mm, shown in dark
orange) are required around the core cluster of Poraver parti-
cles (diameter 0.25mm, shown indark yellow), as seen inFig.
5. Additionally, bonds aremodelled between coating-coating
as well as between Poraver®-coating particles (light orange).
The bonds between Poraver®-Poraver® particles are illus-
trated in light yellow. In contrast, the low-fidelity model fills
the space around the core with only Poraver® particles. The
smaller coating particles andbonds are neglected. The diame-
ter of these core particles remains unchanged. Consequently,
the number of parameters to calibrate, the number of bonds,
and the number of particles are reduced by factors of 2.00 ×,
2.73×, and 4.42×, respectively. These reductions are sum-
marised in Table 1.

5 Parameter identification

In order to predict the results of the single and multi particle
compression tests using the numerical model, the parameters
that significantly affect the outcome are identified and opti-
mised. These include both structural andmaterial parameters.
Many of these parameters are not physically measurable,
such as the bond length, since no equivalent quantity exists
in the real microstructure shown in Fig. 1, and their influence

on the model output can be complex and coupled. Therefore,
we employ a two-step identification process: first, a sensi-
tivity analysis is conducted to determine which parameters
significantly affect the outcome of interest, followed by an
optimisation algorithm, in this case particle swarm optimi-
sation (PSO), to fine-tune the parameters for best agreement
with experimental data. This strategy aligns with previous
studies in DEM calibration, where sensitivity analysis is
used to filter parameters [8], followed by optimisation [16,
28]. Note that parameter identification is performed using
the single particle compression test due to the significantly
higher computational cost of the multi particle simulations,
as described in Sect. 6.2.

5.1 Sensitivity analysis

As mentioned in the previous section, the parameters can
be divided into two main groups. The first group, known as
the structural parameters, is listed in Table 2. These are kept
fixed for both HF and LF models, as described in Sect. 4.3.
Although they do influence the force-displacement response
obtained from compression simulations, refer to [22], they
are held constant under the assumption that a fixed spherical
numerical model is considered with reasonable particle and
bond density. This provides reasonable force-displacement
curves seen later in Sect. 6.1. Note that bonds exist both
between coating particles, referred to as coating-coating,
and between coating and Poraver® particles, referred to
as Poraver®-coating. To reduce the number of parameters
and simplify the model, identical parameters are used for
both bond types. Therefore, these two bonds are henceforth
referred to collectively as Poraver®-coating-coating.

The second group comprises the material parameters,
illustrated in Fig. 6. These include the parameters introduced
due to the coating layer around the core agglomerate. The
sensitivity analysis is conducted using the single particle
compression test described in Sect. 3.1. This test setup allows
identification of the crushing point of the agglomerate, from
which the crushing force and displacement are extracted.
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Fig. 6 Material input
parameters

Table 2 Structural input parameters

Parameter Value

Particle diameter in mm

Coating 0.1

Poraver® 0.25

Porosity

Coating 0.5

Poraver® 0.36

Bond diameter in mm

Poraver®-coating-coating 0.1

Poraver®-Poraver® 0.25

Minimum bond overlap in mm

Poraver®-coating-coating −0.05

Poraver®-Poraver® −0.125

Maximum bond overlap in mm

Poraver®-coating-coating 0.05

Poraver®-Poraver® 0.125

During the analysis, each parameter listed in Fig. 6 is per-
turbed by a factor of 10, and the resulting crushing force and
displacement are recorded. This perturbation factor is based
on the findings of [22], where a similar parameter study was
conducted for the core material. There, varying parameters
by a factor of 10 led to significant changes in the simulation
results.

It is observed that three parameters show at least a 5%
influence on the results, namely all the sliding friction coef-
ficients. This is expected, as sliding friction affects the
tangential force Ft in the Hertz–Mindlin contact model,
which in turn contributes to the total force F. In addition, four
more parameters bring the total number of sensitive param-

eters to seven. These include the Young’s modulus, which
influences the bond stiffness kb, used to compute the elastic
stress σb, and the breakage strains of Poraver®-coating-
coating andPoraver®-Poraver®bonds. These parameters are
included regardless of their statistical sensitivity for two rea-
sons: first, they directly affect the calculation of stress–strain
behaviour within the bondmodel; and second, as highlighted
in [22], they exert a significant influence on the resulting
crushing stress and strain.

By narrowing the focus to the most sensitive parameters,
the dimensionality of the optimisation problem is reduced.
The less influential parameters are fixed and are listed in
Table 3. The parameters for the core structure, Poraver®,
are adopted from [14, 22, 29]. The density of the coating
is taken from [12], while the Poisson’s ratio is approximated
using values reported for paraffin wax, as found in [31]. Note
that the densities for both coating and Poraver® have been
increased due to mass scaling, see Sect. 6. The coefficients
of restitution and rolling friction are conservatively set to
0.1, under the assumption that these parameters primarily
influence the dynamic behaviour of the simulation. Since
the simulations are intended to be quasi-static, their effect is
expected to be limited to the convergence of the numerical
solution. Additionally, while the yield strength of the wax
bonds was not part of the formal optimisation routine, an
initial set of trial simulations led to the identification of a
value around 6MPa. This value consistently produced force-
displacement curves that qualitatively matched experimental
observations. Therefore, it was retained as a fixed parameter
for the remainder of the study.

For the LF model, parameters for the coating are absent
because the smaller particles are not explicitly modelled.
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Table 3 Fixed material input parameters

Parameter Value

Density in kg/m3

Coating 96,000

Poraver® 79,239.5

Poisson’s ratio

Coating 0.37

Poraver® 0.30

Coefficient of restitution

Coating-steel 0.1

Coating-coating 0.1

Poraver®-coating 0.1

Poraver®-steel 0.1

Poraver®-Poraver® 0.1

Rolling friction

Coating-steel 0.1

Coating-coating 0.1

Poraver®-coating 0.1

Poraver®-steel 0.1

Poraver®-Poraver® 0.1

Sliding friction

Poraver®-steel 0.48

Poraver®-Poraver® 0.87

Yield strength in MPa

Poraver®-coating-coating bonds 6

Poraver®-Poraver® bonds 2.5

Therefore, their effect is incorporated by varying theYoung’s
modulus and breakage strain of the core in the latter section.

5.2 Particle swarm optimisation

To optimise the identified sensitive parameters, we use the
particle swarm algorithm, proposed by [9]. In this algorithm,
the positions and velocities of particles are updated based on
both individual and global best solutions. PSO is well suited
here because our objective function, the error between sim-
ulation and experimental results, does not have an analytical
gradient, and each function evaluation requires a full DEM
simulation. We define the objective function J ( p) as the
least-squares error between the simulation and experimental
force-displacement curves for the single particle compres-
sion test:

J ( p) =
n∑

i=1

[
Fsim(xi ; p) − Fexp(xi )

]2 (21)

where Fsim(xi ; p) is the simulated force at displacement xi
using parameter set p, Fexp(xi ) is the corresponding exper-
imental force, and n is the number of displacement points.

The averaged experimental reference curve is the red plot
shown in Fig. 7.

The optimisation was implemented using the MATLAB
Optimisation Toolbox [25]. Initial positions were randomly
generated within the search bounds. The upper and lower
bounds with the final optimised values are presented in Table
4 for HF and LF models.

These bounds were chosen based on physical reasoning
and prior trials to ensure that the optimum lies within the
defined search space. This is demonstrated using two dif-
ferent high-fidelity models, HF-A and HF-B, presented in
Table 4. In HF-A, the coating material exhibits a higher
Young’smodulus and a lower breakage strain compared to the
core material. Combined with elevated friction coefficients,
this configuration captures the brittle fracture behaviour and
sticking effects observed experimentally [14]. In contrast,
HF-B employs an inverse setup, where the core material has
a higher Young’s modulus and a lower breakage strain than
the coating. The resulting effects are further discussed in
Sect. 6. Moreover, the low-fidelity model does not include
explicit coating particles, and therefore, does not consider
sliding friction. Instead, it is calibrated solely based on total
energy absorption. Consequently, the LF model is limited in
its ability to simulate frictional interactions in coated particle
systems.

6 Simulation and validation

This section presents the results of the DEM-BPM approach
with parameter identification performed through sensitivity
analysis and the particle swarm optimisation algorithm. The
single particle compression test is used for calibration, fol-
lowed by the multi particle compression test for validation.
A comparison between high- and low-fidelity models is also
conducted to highlight differences in accuracy and perfor-
mance. To simulate these tests, a quasi-static simulation setup
is devised. The time step is fixed at 5 × 10−8 s, which is
smaller than the recommended critical time step. The rec-
ommended critical value is defined as 10% of the minimum
between the Rayleigh time step size ΔRayleigh and the bond
time step size Δbond [1, 15]. Additionally, mass scaling by
a factor of 100 is applied to reduce the critical time step
size. The particle density and gravitational acceleration, as
listed in Table 3, are adjusted accordingly. This scaling factor
remains within acceptable bounds as demonstrated in [22].
The compression velocity vc is set to 10mm/s for the SPT
and 100mm/s for theMPT.With this configuration, the simu-
lations can be conducted within feasible computational times
without compromising accuracy.
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Table 4 Optimised parameter sets for HF and LF models

Parameter HF-A HF-B LF
Value Search domain Value Search domain Value Search domain

Sliding friction

Coating-coating 0.5273 [0.5−0.9] 0.5008 [0.5−0.9] – –

Coating-steel 0.8306 [0.5−0.9] 0.8796 [0.5−0.9] – –

Poraver®-coating 0.9000 [0.5−0.9] 0.7924 [0.5−0.9] – –

Young’s modulus in MPa

Coating bonds and particles 2441 [1e+9-9e+9] 690 [1e+8-1e+9] – –

Poraver® bonds and particles 861 [1e+8-1e+9] 993 [1e+8-1e+9] 502 [1e+8-1e+10]

Breakage strain

Poraver®-Coating-coating bonds 0.0026 [1e-4-5e-3] 0.098795 [1e-5-1e-1] – –

Poraver®-Poraver® bonds 0.0050 [5e-3-1e-1] 0.00005 [1e-5-1e-1] 0.0033 [1e-5-1e-2]

Fig. 7 Force-displacement curve of SPT for experimental diameter
fraction 2.0-2.5mm showing the experimental average, and HF and
LF model results

6.1 Compression tests

The test setup has been described previously in Sect. 3. The
force-displacement results are illustrated in Fig. 7 for the
experimental diameter fraction 2.0−2.5mm.

The experimental plots in black depict the variability in
the experimental results. As discussed in Sect. 2, no two par-
ticles have the same microstructure or shape. Furthermore,
the force-displacement relationship is highly nonlinear. Nev-

ertheless, an average curve, highlighted with a thick red line,
is generated. This curve begins at the origin and increases
linearly until the breakage force and crushing displacement
of 11.18N and 0.294mm, respectively, are reached. Beyond
this point, the force drops to zero and remains constant. As
mentioned earlier, this average curve is used in the objec-
tive function to optimise parameters for both the HF and LF
models. The results are depicted in green, blue and magenta,
respectively.

Except for the HF-B model, the optimised parameter sets
for bothmodels showgoodagreementwith the average curve.
The force increases in a nonlinear fashion. The bond model
described inSect. 4.2 enablesmicro-crackingbehaviour, sim-
ilar to that observed in the experiments. This is achieved
through bond breakage, which causes a drop in force fol-
lowed by a rise. At a breakage displacement of 0.3mm, a
significant number of bonds fail, leading to the complete
crushing of the agglomerate.

Notably, the LF model uses fewer parameters, particles,
and bonds, but still manages to capture the same compressive
overall behaviour as the HF-A model. Nevertheless, small
differences exist. The maximum force predicted by both
models is around 13N, with a difference of 1.82N. Addi-
tionally, the initial stiffness of the numerical models is lower
than that of the experimental average. The HF-A model per-
forms slightly better in this respect, matching the stiffness
of the red curve up to 0.05mm. This is explained by the
presence of stiffer coating particles in the HF model. As the
coating layer breaks, the steel punch travels a short distance
before the core structure begins to resist compression. In the
LF model, these stiffer particles are absent, so it cannot pro-
vide asmuch initial resistance. Furthermore, the optimisation
algorithm compensates for the initial discrepancy by increas-
ing the breakage force so that the overall energy absorbed
remains similar.
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Fig. 8 Comparison of particle breakage in the single particle compression test between experiment and numerical models

The HF-Bmodel produces the least accurate result among
the three configurations. As discussed earlier in Sect. 5.2,
the lower Young’s modulus and higher breakage strain lead
to insufficient bond breakage between the coating particles.
Consequently, the slope of the force-displacement curve is
reduced. Additionally, the extent of microcracking is lower
compared to other models, as indicated by the smoother
force-displacement response. In fact, the bonds between the
core particles tend to break earlier. This behaviour is illus-
trated in Fig. 8, where all models are compared during
compression alongside an image from the physical experi-
ment. In the case of HF-A, the coating fractures significantly
during the breakage of agglomerate. In contrast, HF-B shows
an intact coating while the core structure fails. In the exper-
iment, some of the coating material along with Poraver®
breaks initially; however, most of it remains intact. The third
model, LF, does not explicitlymodel the coating and can only
reproduce the overall breakage of the physical particle.

Despite these differences, both the HF and LF results
fall within the experimental spread and can therefore be
used to validate the multi particle compression test described
next. With the optimised agglomerates from the HF and LF
approaches, we evaluate their suitability against the multi
particle compression test experiments.

The largest difference between the HF and LF approaches
is observed in this simulation, where an attempt was made
to model the same number of agglomerates as the physi-
cal particles in the cylinder, i.e. an average of 2306 particles.
However, theGPUmemory (NvidiaGeForce RTX3090with
24GB of GDDR6X) was insufficient, and the simulation was
unable to run. As described in Sect. 4.3, the Verlet list stores
all contact interactions between particles.When the database
becomes too large, it causes the simulation to crash. Never-
theless, the model was tested with 1300 agglomerates, more
than 50%of the physical particle count, and its suitabilitywas
verified. To ensure comparability, both experimental and sim-
ulation stress–strain curves were normalised. The original
experiment was conducted using a cylinder with an average
height h of 14.3mm, as shown in Fig. 3. Due to the reduced
number of agglomerates, a portion of the punch displace-
ment is lost before any significant reaction force is observed.
Therefore, a threshold force of 1kN was selected to initiate

Fig. 9 Stress–strain results of MPT comparing experimental average,
HF and LF model results up to strain 20%

strain calculation. This ensures that the strain, set to zero,
begins at the point where the punch registers at least 1kN of
force. Furthermore, this approach minimises initial noise in
the experiments arising from particle rearrangement during
initial contact with the punch and allows for a more uniform
stress increase, starting froman initial value of approximately
0.5MPa. Overall, this normalisation strategy enables a more
consistent comparisonbetween simulations and experiments,
despite differences in the number of agglomerates and phys-
ical particles.

As before, the black lines represent the experimental
results for different diameter fractions, filtered through var-
ious particle shapes, see [14]. Although particles of varying
diameters are present, the variability is lower than in SPT.
This suggests that scaling up the experiment, where the aver-
age number of particles inside the cylinder was 2306, leads
to reduced inhomogeneity between particles. This supports
the decision to fix the agglomerate shape, as discussed in
Sect. 5. Although using agglomerates with different shapes
and structures would increase model fidelity, it would also
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Fig. 10 Change in relative number of bonds during the simulation

require repeating the optimisation process multiple times
with only marginal gains in accuracy. A trade-off must be
made between fidelity and computational cost. Nevertheless,
the current comparison still provides insight into these trade-
offs.

We begin by examining the stress–strain results up to 20%
strain in Fig. 9. As observed previously in the SPT, the HF-A
model (green) exhibits higher stiffness compared to the other
simulations due to the presence of stiffer coating particles on
the exterior. Moreover, a significant portion of bonds break
early in the simulation, before the threshold force is even
reached, as shown in Fig. 10. The relative number of bonds
refers to change in the number of bonds, divided by the ini-
tial total number of bonds in the system. The circular marker
indicates the point at which the reaction force reaches the
threshold and the strain is reset to 0%. As mentioned earlier,
20% of the bonds are lost before the threshold-based force
calculation from the threshold even begins. In contrast, the
HF-B model, although stiffer than the experimental results,
produces a lower stiffness than HF-A. While both HF-A and
HF-Bstartwith the samenumber of bonds,HF-Aexperiences
a more significant reduction in bond count. While the num-
ber of bonds does continue to decrease after the initialisation
point, the reduction is insufficient to dissipate the compres-
sive energy effectively. This indicates that although HF-A
showed promise in the SPT, its applicability to larger-scale
compression tests is uncertain.

For a fair comparison, the LF simulation (magenta) is
performed with 1300 agglomerates. Its stiffness is lower
than both HF-A and HF-B but still exceeds the experimental
average. This indicates that lack of stiffer coating particles
did not contribute to increased stress response. Nevertheless,

almost 40% of bonds are broken before the initialisation,
leading to lack of energy dissipation as before with HF mod-
els. Interestingly, increasing the number of LF agglomerates
to 2306 (cyan) yields a better agreement with the exper-
imental results. This can be attributed to the presence of
additional bonds, more than 90%, compared to the previ-
ous setups, once the threshold force is reached. Moreover,
to fit the same number of agglomerates as in the physical
experiments, pre-compression is introduced due to the simu-
lation setup. The total cylinder height is fixed at 14mm; thus,
when2306agglomerates are generated, spacebecomes insuf-
ficient. Consequently, some particles overlap significantly
even before the compression begins, resulting in pre-stressed
bonds. Once the simulation starts and breakage is enabled,
bonds fail more rapidly. This behaviour is evident from the
steeper decline in bond count after the magenta marker in
Fig. 10. Moreover, the threshold force is reached sooner.

To investigate further, another LFmodel is generated with
4612 agglomerates (grey). In this case, fitting all particles
within the original 14mm cylinder height is impractical,
therefore it is increased to 41mm to prevent notable pre-
compression and overlapping. The results are shown in both
Figs. 9 and 10. As in the 1300 agglomerate setup, the thresh-
old force is reached later with almost 40% loss in bond count.
Furthermore, the slope of the stress–strain curve does not
decrease upon reaching the threshold, since the number of
bonds in the system remains stable, see the grey marker in
Fig. 4, indicating the absence of pre-compression effects.
This indicates that up to 20% compressive strain, most of
original structure should remain intact, specifically at least
85% of the bonds. This can be achieved either by increas-
ing the number of agglomerates in the system (although this
introduces pre-compression, as seen in the case of 2600 LF),
or by ensuring that the bond count does not change signifi-
cantly before reaching the threshold, as in the case of HF-B.

For the same test, the results for large strain up to 70%
are depicted in Fig. 11. All setups without pre-compression,
1300 agglomerates for both HF and LF, and 4612 LF, begin
to exhibit a significant increase in stress after 20% strain. In
addition to the lack of initial bond count, they are not breaking
down quickly enough to compensate for the increasing over-
lap between particles. This is illustrated in Fig. 12, which
shows the relative overlap calculated by dividing the aver-
age overlap of all particles by the largest particle diameter,
0.25mm.

According to the assumptions of the Hertz–Mindlin con-
tact theory, the normal overlap ξn between particles should
remain small to ensure accurate contact force calculations.
A widely accepted guideline is that the overlap should not
exceed 1–2% of the particle radius, or equivalently, 2–4%
of the particle diameter [11, 26]. Apart from the HF models,
the other setups show particle–particle overlap exceeding the
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Fig. 11 Stress–strain results of MPT comparing experimental average,
HF and LF model results up to strain 70%

Fig. 12 Change in relative overlap during the simulation

recommended value, which can result in a rapid increase in
stress relative to the rate of bond breakage.

To reduce this effect, we rerun both the LF model with
2306 and 4612 agglomerates using a lower Young’s mod-
ulus, reduced by an order of magnitude 10. The results
are represented by the dashed lines in Fig. 11, with 2306
LF YM*1e-1 and 4612 LF YM*1e-1 in magenta and grey,
respectively. Lowering the Young’s modulus increases the
overlap, see Fig. 12, but reduces the normal force Fn cal-
culated using the Hertz-Mindlin contact model. As a result,

lower stresses are generated due to softer contact interac-
tions, as observed in Fig. 11. These simulation results lie
closer to the experimental curves, particularly in the large
strain region where significant compaction is expected. A
similar approach is used for modelling fracture in agglom-
erates via contact mechanics in [7]. To observe its effect in
SPT, LF YM*1e-1 (dashed magenta) is depicted in Fig. 7.
As expected, the slope of force-displacement decreases and
deviates from the averaged experimental result.

Overall, these observations suggest that while the SPT
results provide valuable quantitative and qualitative insights
into the behaviour of single particles, they cannot be directly
applied to larger compression problems. The presence of
a coating layer on the exterior does not offer a signifi-
cant advantage in the bulk compressive response; instead,
it considerably increases the computational cost, making the
simulation of larger systems infeasible. Moreover, the inclu-
sion of stiffer particles can result in elevated stresses, causing
bond breakage even before the threshold force in the simu-
lation is reached. On the other hand, in the LF model, even
with a larger number of agglomerates, the rate of bond break-
age is not sufficient to keep pace with the increasing overlap
at contact points. One way to compensate for this is to pre-
compress the agglomerate such that the threshold force is
reached earlier and more bonds are broken. Nevertheless, the
parameters identified through the SPT must be further fine-
tuned and validated using MPT before they can be reliably
applied to large-scale simulations.

6.2 Computational times

As noted earlier in Table 1, the HF and LF approaches dif-
fer in the number of parameters, bonds, and particles. This
results in varying computational times for SPT and MPT,
shown in Figs. 13 and 14, respectively. Simulations were
performed on a GPU using Nvidia GeForce RTX3090 with
24GB GDDR6X memory and 10496 CUDA cores.

In the case of SPT, the LF model was solved 1.4× faster
than the HF model. For MPT, the speed-up was by a fac-
tor of 3.3. This is expected, as the LF model has fewer
degrees of freedom and a smaller database that stores inter-
actions between particles. While it is not possible to derive
an exact equation for the computational time of a given
setup, it can be stated with reasonable confidence that the
LF model significantly reduces computational effort. As
the number of agglomerates increases, the relative speed-up
grows, suggesting that the LF model is promising for large-
scale simulations.

6.3 Uncoated particles

This section adds a further layer of validation for testing
the two-step methodology for the identification of param-
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Fig. 13 Computational times for low- and high-fidelity DEM models
for single particle compression

Fig. 14 Computational times for low- and high-fidelity DEM models
for multiple particle compression

eters mentioned in the previous sections. For this purpose,
we examine the breakage of uncoated particles. The key
structural difference lies in the absence of the coating layer.
Therefore, the microstructure consists only of Poraver®. In
comparison to Fig. 1, only the core structure exists; the thin
coating layer is non-existent. The core structure thus consists
solely of porous Poraver®.

Fig. 15 Stress–strain results of MPT comparing experimental average
of wax coated and uncoated Poraver® particles

To highlight the differences between the coated and
uncoated particles in terms of energy absorption for appli-
cations in large-scale compression experiments, the stress–
strain response from the multi particle compression experi-
ments is shown in Fig. 15.

Both the wax coated and uncoated particles show a similar
stress–strain response up to 15% strain. As the compres-
sion increases, the stress in the coated particles rises more
than in the uncoated particles. This indicates that the energy
absorbed by the coated particles, represented by the area
under the stress–strain curve, is greater than that of the
uncoated particles. This characteristic is advantageous, as
noted earlier in Sect. 1, for applicationswhere energy absorp-
tion during compression is important.

The numerical model is similar to the low-fidelity model
illustrated in Fig. 5. Since the coating layer does not exist,
the LF model effectively becomes a high-fidelity model, as
no physical aspect of the particle is neglected. Although the
exact microstructure is not built using CT scans, approxima-
tions are made via a mesoscale approach. To follow a similar
procedure aswith the coated particles, an average diameter of
2.16mm from the diameter fraction 2.0−2.5mm is used [14].
Given the size difference compared to coated particles, the
number of bonds and particles in the agglomerate are 2665
and 412, respectively. As mentioned earlier, this is quantita-
tively similar to the LF model, see Table 1. Additionally, the
structural parameters of the core structure in a coated par-
ticle, i.e. between Poraver®-Poraver® as shown in Table 2,
are kept constant. The remaining parameters are optimised,
similar to the coated particles, using the particle swarm algo-
rithm on the average experimental force-displacement curve
from the single particle compression test. These are listed in
Table 5 and illustrated in Fig. 16. Note that the setup for com-
pression tests is same as that of the coated particles, except
for the simulation time step inMPTwhich is set to 5×10−7 s.

The black lines represent the experiments. Note that not
all compression test results are plotted to improve visibility.
More information is available in [30]. As before, each physi-
cal particle compression yields a unique force-displacement
curve. The force also decreases at different displacement val-
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Table 5 Optimised parameter set for the uncoated Poraver® particle
numerical model

Parameter Value Search domain

Sliding friction

Poraver®-steel 0.7212 [0.5−0.9]

Poraver®-Poraver® 0.7518 [0.5−0.9]

Young’s modulus in MPa

Poraver® bonds and particles 400 [1e8–1e9]

Breakage strain

Poraver®-Poraver® bonds 0.0045 [1e-5–1e-2]

Yield stress in MPa

Poraver®-Poraver® bonds 9.2 [5e+5–1e+7]

Fig. 16 Force-displacement curve of SPT for experimental diameter
fraction 2.0−2.5mmof uncoated Poraver®particles showing the exper-
imental average and numerical results

ues due tomicro-cracking. Similar to the coated particles, the
use of an elasto–plastic micro-cracking bond model helps to
simulate this behaviour, as shown by the dips in force in the
green plot. This enables representation of microcracks and
energy dissipation before most bonds in the agglomerate are
broken. As mentioned earlier, the simulation curve is opti-
mised around the average experimental curve in red, with a
breakage force and displacement of 14.81N and 0.356mm,
respectively. The numerical model provides a reasonably
accurate force-displacement response. More importantly, it
lies within the experimental distribution.

To test the accuracy of the optimised agglomerate, the
multi particle compression test is carried out. For the
2.0–2.5mm diameter fraction in the experiments, an average
of 3127 physical particleswas present.Accordingly, the same

Fig. 17 Stress–strain results of uncoatedMPT comparing experimental
average and numerical results up to strain 50%

number of agglomerates was randomly generated inside the
cylinder. Since the uncoated particles are smaller than the
coated ones, more particles are needed for the same overall
mass. Because the smaller particles used to model the coat-
ing in the high-fidelity HF-A and HF-B models do not exist
here, the same number of agglomerates as physical particles
can be generated. The results of the compression tests are
shown in Fig. 17.

The black lines represent the experiments. As with the
coated particles, the distribution of compression results nar-
rows as particle count increases. Nevertheless, an average
curve is extracted (in red). The optimised agglomerate results
are shown in green. As before, the results lie within the
experimental distribution up to 10% strain. Beyond this, the
simulated stress increases rapidly. As previously explained in
Sect. 6.1 for theMPT, the stress–strain values are normalised.
This means that the point at which the force recorded by the
punch reaches 1kN is where the strain calculation starts, i.e.
strain is set to zero at that point. As a result, any displacement
occurring before this threshold is not captured. Additionally,
the number of bonds begins to decrease even before the 1kN
stress threshold is reached, while the strain is reset to zero,
as shown in Fig. 18. As a result, fewer bonds are available
to dissipate energy via breakage. To improve the match with
experimental results, the Young’s modulus of the particles
is reduced by a factor 10. At the start of the simulation,
the relative overlap for the optimised agglomerate (green) is
about 9%, more than twice the recommended value, see Fig.
19. Reducing the Young’s modulus increases the overlap but
also softens the contact. To further improve agreement with
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Fig. 18 Change in relative number of bonds during theMPT simulation
of uncoated Poraver® particles

experiments, theYoung’smodulus is halved again to 20MPa.
Consequently, fewer bonds are broken, and more softening
occurs, highlighted by themagenta curves in Figs. 18 and 19.
The results now better match the experimental data in Fig.
17. However, a significant reduction in Young’s modulus is
not ideal. As the particles soften and overlap increases, there
comes a point where contact forces are too weak to resist the
compression force. As a result, particles penetrate the rigid
surface and eventually leave the simulation domain (i.e. the
cylinder). This issue is observed in the magenta curve in Fig.
17, where the results terminate around 42% strain. Beyond
this point, the simulation becomes unstable. Furthermore,
more compression is needed before the stress threshold is
reached, as seen in the magenta markers in Figs. 18 and 19.

Nevertheless, the two-step approach used for the coated
particles is effective for uncoated particles as well, where
the numerical model accurately simulates micro-cracking
behaviour. When extended to MPT, strains up to 10% are
reasonably well captured, although parameter adjustments
are needed to improve agreement beyond that range.

7 Conclusion

This paper presented the use of the discrete element method
(DEM) combined with the bonded particle method (BPM)
to predict the compressive behaviour of coated particles. To
represent the microstructure on mesoscale, they were mod-
elled as clusters of smaller particles bonded together. An
elasto–plastic bondmodel incorporating micro-cracking was
employed. Additionally, a comparison was made between

Fig. 19 Change in relative overlap during the MPT simulation of
uncoated Poraver® particles

a high-fidelity (HF) and a low-fidelity (LF) modelling
approach. The HF model included an additional layer of
smaller particles surrounding the core to replicate the coating
behaviour, whereas the LF model neglected the coating and
approximated the bulk response by extending the core region.
This simplification significantly reduced the number of parti-
cles, bonds, and more importantly, the number of parameters
to be identified.

Once both agglomerate structureswere defined, a sensitiv-
ity analysis and particle swarmoptimisation (PSO) algorithm
were applied to the single particle compression test (SPT),
which is computationally less demanding. An average force-
displacement curvewas constructed and used as the objective
function for optimisation. A total of seven parameters for HF
and two LF were optimised.

The optimised models were then validated against exper-
imental SPT results. The bond model successfully captured
the micro-cracking behaviour observed in physical particles,
and both HF and LF models reproduced the nonlinear force-
displacement relationship. Despite having fewer particles,
bonds, and parameters, the LF model produced results that
closely matched both the experimental average and the HF
model. Minor differences were observed in initial stiffness
and peak force, but all simulations remainedwithin the exper-
imental variability.

Additionally, two HF setups, HF-A and HF-B, were com-
pared based on distinct optimised parameter sets. While both
fell within the experimental range, the HF-A model qual-
itatively aligned better with the observed behaviour. This
underlined the importance of selecting appropriate parameter

123



Computational Particle Mechanics

bounds to ensure that simulation results reflect the physical
particle crushing behaviour.

In the multi particle compression test (MPT), the HF
model could not replicate the full number of physical
particles due to GPUmemory limitations. Nevertheless, sim-
ulations with over 50% of the physical particle count were
conducted. In contrast, the LF model enabled simulations
with a greater number of agglomerates, leading to a better
match with the bulk stress–strain response observed exper-
imentally up to 20% strain, particularly when the setup
included pre-compression. It was found that excessive over-
lap, exceeding 2–4% of the particle diameter, violates the
assumptions of the Hertz–Mindlin contact model and results
in notable stress increase after 20% strain. This effect was
mitigated by reducing Young’s modulus of particles 10×,
which allows for softer contact interactions. Consequently,
the results match better with the experiments.

A key advantage of the LF approach lies in its compu-
tational efficiency. Simulations demonstrated a speed-up of
1.4 in SPT and 3.3 in MPT, with potential for even greater
improvements in large-scale simulations. These results sug-
gest that the LF model offers a reliable and computationally
efficient alternative for large-scale DEM-BPM simulations,
enabling broader parametric studies and practical use in engi-
neering applications with limited computational resources.
However, even with the LF approach, the scale of the sim-
ulated MPT remains roughly 5000× smaller than that of
a typical double hull structure. At such scales, the LF
model still qualifies as a detailed model capable of capturing
bulk compressive behaviour, provided that proper parameter
calibration is performed. Nevertheless, for full-scale appli-
cations, additional modelling strategies such as FEM-DEM
coupling may be necessary to achieve feasible simulation
runtimes.

To provide further validation to the two-step approach pre-
viously applied to coated particles was successfully extended
to uncoated Poraver® particles. The numerical model pro-
vided reasonable agreement with both SPT andMPT results,
particularly up to 10% strain in the latter. Themicro-cracking
and energy dissipation behaviour were well captured by
the bond model. Nevertheless, parameter adjustments are
required in the MPT to ensure the model remains applicable
for larger-scale simulations. Ideally, parameter optimization
would be performed directly on the multi particle compres-
sion tests; however, due to the high computational cost, a
compromise between accuracy and effort is necessary. In
this context, the two-step approach along with LF model for
coated particles offers a practical and sufficiently accurate
solution.
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