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Abstract Powder qualification in additive manufacturing (AM) is a complex process, requiring extensive know-how to
ensure that powder properties are suitable for a specific hardware solution and AM process. This qualification is typically
performed through trial-and-error methods, which are costly, time-consuming, and provide little insight into powder behav-
ior. Without a deeper understanding of powder properties, opportunities for optimizing either the powder itself or the recoat-
ing mechanism remain unexplored. The Discrete Element Method (DEM) offers a solution by enabling virtual powder char-
acterization and parameter optimization. A method is proposed for calibrating a DEM model of AM powder that incorporates
the real particle size distribution by properly scaling the system geometry rather than relying on coarse-graining techniques.
A surrogate model-based calibration approach is employed to adjust DEM model parameters simultaneously, capturing their
interdependencies and combined effects. A revolution device serves as the experimental reference for the calibration process.
To reduce computational costs, a scaled-down simulation setup is introduced while maintaining dimensions significantly
larger than the particle size. The calibration method is demonstrated using two widely used AM powders: Inconel 718 and
Ti-6Al-4V (Ti64). The geometry down-scaling approach is validated through simulations with the calibrated model across
various scaling factors. Additionally, the simulations provide insights into avalanche progression and size segregation in
the revolution device. The contribution of this work is a calibration strategy for DEM-based powder modeling in AM that
explicitly accounts for the real particle size distribution and is supported by validation in the revolution device. This provides
a basis for reliable representation of powders in rotating drum flow, while future work should clarify the extent to which the
calibrated state corresponds to the granular dynamical response during recoating.
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1 Introduction

Metal additive manufacturing (AM), and in particular Pow-
der Bed Fusion (PBF), relies on thin layers of metal powder
to build parts with complex geometries. The characteristics
of each deposited powder layer influence the quality of the
final part, including composition, grain structure, and the
presence of defects [1]. Achieving a uniform layer during
recoating depends on both intrinsic powder properties and
process parameters such as recoater speed and clearance.
The term spreadability is increasingly used to describe this
ability to form a consistent powder layer [2, 3].

Optimizing spreading conditions is commonly done
experimentally, but this trial-and-error approach is cost- and
time-intensive. Numerical simulation offers an alternative,
and the Discrete Element Method (DEM) [4] has become
the leading approach for modeling powder behavior in PBF.
However, the widespread use of DEM in AM has historically
been limited by high computational cost. Recent advances
in high-performance computing and GPU-accelerated algo-
rithms now make large-scale powder simulations increas-
ingly feasible, enabling virtual process optimization [5, 6].

The development and calibration of a reliable DEM
model for the powder material is a crucial first step in virtu-
ally investigating spreadability and ensuring accurate results
prior to recoating optimization. Several powder properties,
such as density, elasticity, Poisson’s ratio, and particle size
distribution, can be directly measured and implemented in
the DEM model. However, direct measurement of inter-par-
ticle and particle-tool interaction parameters is challenging.
Therefore, these parameters are typically identified through
model calibration against the powder’s bulk behavior in
controlled experiments [7, 8]. Standard setups include angle
of repose (AOR) tests, the Hall flow meter, shear cells, and
dynamic flow tests using rheometers or revolution drums
[9].

When calibrating DEM models using such experimental
tests, several considerations are essential. First, the chosen
test must represent the relevant flow regime, stress state,
and boundary conditions of the target process; otherwise,
the calibrated parameters may reproduce the experiment but
fail to predict the actual application. Second, the experiment
must provide repeatable and robust measurements, since
high variability or operator dependence reduces confidence
in the resulting parameter set. Third, the test should be prac-
tical to reproduce numerically without excessive assump-
tions or simplifications.

Static AOR tests are popular for their simplicity, but are
highly sensitive to setup conditions and material properties,
particularly for cohesive powders, often resulting in incon-
sistent data [8, 10, 11]. In addition, they capture only static
behavior and do not reflect the dynamic flow mechanisms
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relevant to recoating. Rheology-based approaches, such as
the FT4 powder rheometer, provide richer data, but are diffi-
cult to model realistically due to system complexity. In con-
trast, the Revolution Powder Analyzer (RPA) drum is well
established in AM for evaluating powder flowability, pro-
viding steady granular flow, high repeatability, and robust
measurement metrics [2, 12, 13]. Its proven performance,
combined with a simpler interaction environment and fewer
parameters than rheology-based methods, makes it a par-
ticularly strong choice for DEM powder model calibration
[8, 14, 15].

The calibration process involves reproducing the experi-
mental setup in the simulation environment and adjust-
ing the DEM model parameters until the simulated bulk
response matches experimental observations. The number
of required simulations, and therefore the computational
cost, grows rapidly with the number of parameters to be
calibrated. Different strategies can be used to reduce the
computational cost by reducing the number of simulations
or lowering the duration of individual simulations.

The efficiency of the calibration algorithm in converg-
ing to the optimal model parameter values is a critical fac-
tor in determining the number of simulations required. A
wide variety of methods have been proposed to obtain the
calibrated model using different search algorithms [16, 17].
Several studies suggest Al-based approaches to calibrate
model parameters [18-20]. Design of Experiment (DOE) is
another method to limit the number of simulations needed
to obtain calibrated values [21]. This approach employs
techniques to generate a distribution of parameter combina-
tions, enabling the isolation of each parameter’s impact on
the system. DOE can be integrated with interpolation algo-
rithms to construct a mathematical model that predicts sys-
tem responses based on parameter values. This technique,
commonly known as surrogate modeling, is widely used in
model calibration [22]. This method focuses on reducing
the total number of DEM simulations required, rather than
decreasing the runtime of individual simulations.

To reduce the computational time of DEM simulations,
methods such as coarse-graining, geometric scaling, and
scalping [23] can be applied. Coarse-graining is among the
most common approaches, decreasing the number of simu-
lated particles. However, particle size directly influences the
fundamental force contributions in DEM, including gravita-
tional forces, adhesion, sliding, and friction, each of which
scales differently with particle radius. As a result, modifying
particle size alters the balance between force components
and thereby changes particle-scale interactions as well as
bulk flow behavior. Several studies have analytically inves-
tigated and proposed adjustments for the effect of up-scaling
on parameters calibrated using coarse-graining [24-26].
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Many AM process parameters, such as recoater blade
clearance, and process outcomes, such as powder layer
homogeneity and thickness, depend on true particle size
representation. Therefore, a DEM model with real-size par-
ticles is essential for virtual recoating process parameter
optimization in AM. Consequently, calibration should also
be performed using the true particle size distribution.

In this study, we develop a method to calibrate a DEM
powder model using the real particle size distribution of the
material. A revolution device is adopted as the experimen-
tal reference setup, and a geometry down-scaling approach,
based on preservation of the Froude number, is applied
to reduce the computational cost while ensuring that the
dimensions of the setup remain significantly larger than the
particle size. This Froude-based down-scaling is adopted as
an extension of established scaling concepts into the context
of AM powder calibration.

DOE is used to generate input parameter combinations
for studying first- and second-order sensitivity of param-
eters on system responses. A surrogate model is developed
and evaluated based on these results and is used to for-
mulate the calibration optimization objective function. An
optimization algorithm is subsequently used to calibrate the
DEM model by determining the parameter set that mini-
mizes the discrepancy between surrogate model predictions
and experimental data. Calibration is performed by adjust-
ing the DEM parameters until the simulated break, rest, and
avalanche energy curves agree with their experimentally
measured counterparts. While avalanche energy in the RPA
is not a direct measure of spreading, it is a reasonable proxy
for capturing key aspects of granular dynamics relevant to
recoating, though further work is needed to establish the
exact correspondence.

The calibration method is demonstrated using two repre-
sentative Electron Beam PBF (PBF-EB) AM alloys, Inco-
nel 718 and Ti-6Al-4V (Ti64). Finally, the down-scaling
approach is assessed by running simulations using the cali-
brated model with various scaling factors. Lastly, insight
into the size segregation progression in the RPA is presented.

2 Methodology
2.1 Materials

The AM powders used in the calibration process are Inco-
nel 718 and Ti-6Al1-4V (Ti64), both commonly employed in
PBF-EB. The particle size distribution is measured by laser

Table 1 Particle size distributions for Inconel 718 and Ti64

Powder D10 (um) D50 (um) D90 (um)
Inconel 718 51.73 78.32 113.9
Ti64 50.1 69.8 97.1

diffraction using a Mastersizer 3000 instrument (Malvern
Panalytical, UK). The particle size distributions are reported
in Table 1. For reference, the dynamic (apparent) densities
were 4.60 g/cc for Inconel 718 and 2.40 g/cc for Ti-6Al-4V
(Ti64), while the solid (particle) densities were 8.20 g/cc
and 4.41 g/cc, respectively. SEM images of the Inconel 718
and Ti64 powders are shown in Fig. 1.

2.2 Experimental setup

The rheological behavior of the powders is studied using
a Revolution Powder Analyzer (RPA) (Mercury Scientific
Inc., Newtown, CT, USA). A drum with an inner radius of
25 mm and a width of 35 mm is used to run the experiment.
It is filled with 66 g of Ti64 or 110 g of Inconel 718. The
drum is rotated at a constant speed of 0.6 RPM to sustain
powder motion within the avalanche regime, where pow-
der is carried up the drum wall and collapses under gravity,
causing an avalanche event.

The bulk specific potential energy of the powder charge
is extracted as a time-series during 150 avalanche events
(see Supplementary Information, Section S3). Here,
“energy” refers to specific energy, i.e., the potential energy
normalized by sample weight. The energy before and after
the avalanche, and their difference, are referred to as break,
rest, and avalanche energy, respectively, and serve as system
responses during DEM model calibration. The raw experi-
mental avalanche time-series data corresponding to the 150
avalanche events are provided as supplementary material.

The RPA provides various response variables, includ-
ing changes in potential energy, free surface topography,
dynamic repose angles, and packing behavior. These are
extracted from the projected shadow of the particle bulk
in the drum. For calibration, error minimization may use
multiple responses. However, the down-scaling approach is
most robust when applied to specific potential energy. While
the avalanche angle is commonly used in AM powder analy-
sis, it is excluded from the objective function due to its sen-
sitivity to drum radius.

2.3 Simulation setup

The simulation setup involves spherical particles with a
size distribution similar to the real particle size distribu-
tion reported in Table 1. SEM images of the particles (Fig.
1) indicate that representing them as spherical in the DEM
simulation is considered a valid assumption.

A scaling approach is used to reduce the number of par-
ticles in the simulation and thus the computational cost.
The radius of the RPA drum (R) is reduced by a factor of
5 to 5 mm in the simulation. The drum width is reduced
to 1 mm, which remains significantly larger than the mean
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Fig. 1 SEM images of Inconel 718
(a, b) and Ti64 (c, d)

particle size of both Ti64 and Inconel 718. The powder
weight is scaled with the drum volume to match the experi-
mental filling degree, defined as the volume fraction of the
drum filled with powder.

To maintain the balance between gravitational and cen-
trifugal forces, the drum’s angular velocity (w) is adjusted
in the simulation to match the experimental Froude number.
The Froude number is a dimensionless parameter defined as
the ratio of centrifugal to gravitational force based on angu-
lar velocity and drum radius [27],

2
=R (1)
g

where g is the gravitational acceleration. To preserve the
Froude number after reducing the drum radius by a factor
of 5, the angular velocity is increased by a factor of v/5.
Accordingly, the experimental angular velocity of 0.6 RPM
(period = 100 s) corresponds to 1.34 RPM (period = 44.7 s)
in the simulation.

The Ti64 and Inconel 718 simulations include approxi-
mately 110,000 and 71,000 particles, respectively. The sim-
ulation time step is 0.5 us, well below the Rayleigh limit
and verified to be converged.
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2.4 Numerical method

The DEM model is based on step-wise integration of the
positions and orientations of the particles according to their
properties and interactions with each other and with the
environment. For particle i interacting with particle j, the
following classical equations of motion apply:

(mr)Z =m'g+ Z fft]ot ) 2)

J
(Iw)i = ;m?ot ) 3)

where m, I, r and w are the particle mass, moment of inertia,
position, and angular velocity, respectively. g is the gravita-
tional acceleration, and f and m denote force and moment.
The operators () and ( - ) represent first and second time

derivatives, respectively. The total force {7, is the sum of
the normal and tangential contact forces (fg N and ng) and
the normal adhesion component (fz ~)- The total moment
is the sum of the rolling resistance moment (mg) and the
moment induced by the tangential force:

fé{)t = ng + ng + fLXN ) “4)
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m?, =m¥ + 18, x . (35
Normal and tangential forces include both the elastic and
dissipative components and are calculated based on the
Hertz-Mindlin-Deresiewicz (HMD) contact model [28].
The force calculations are described in detail in the Supple-
mentary Information, Section S2. A Cartesian grid is used
for broad-phase contact detection, followed by a narrow-
phase collision search within the local neighborhood. A Ver-
let velocity predictor-corrector method is implemented for
time integration [29].

2.4.1 Rolling resistance

The dissipative tangential force in the original HMD model
does not account for the energy dissipated during the rolling
motion, which primarily arises from surface roughness and
satellite particles. A rolling resistance component is there-
fore added in Eq. (5) to account for this effect. The rolling
resistance torque is defined based on the relative rotational
motion of the interacting particles, following [30, 31]:

mg :dRHfQC]'N’ TefwaL 5 (6)

where Aw| =(I-n®n’)(w; —w;), dg is roll-
ing resistance coefficient and rcyy is the effective radius
of the two colliding particles (r; and 72), defined as
1/7”eff = 1/7’1 + 1/7“2.

2.4.2 Adhesion

The adhesion force between particle surfaces can often be
neglected for large and dense particles, where gravitational
forces dominate. However, for particles with size on the
order of tens of microns, adhesion remains a significant fac-
tor, even for metallic powders [31]. The dominant source of
adhesion in AM powders is the van der Waals (vdW) inter-
action. The implementation follows the approach proposed
by Meier et al. [31]. The vdW force strongly depends on
the separation distance between the interacting surfaces. For
two surfaces separated a distance J, the surface energy is
given by [32]:

A

= 24me?’ )

v

where A4 is the Hamaker constant. The normal adhesion
force ('3 ) is defined as the vdW interaction force acting in
the normal direction, Fs(gn)n, and is obtained from [31]:

sto = —Amyrerr, 9N < 9o

Te «

Fs(gn)= 76912£f7 9o < gn <g (8)
0, gn > g~

i —  [Aress * . __9do ;
with gg := 4/ T and ¢* := Tore where gy is the
normal gap between the two surfaces. The parameter Crgg

defines the transition between the short-range adhesion
regime (F'sp) and the long-range regime and is set to 1%.

2.5 DEM solver

All simulations are performed using the DEM software
Demify® [33]. The Demify® solver has been applied to a
wide range of granular material applications, including addi-
tive manufacturing [6, 34], railway engineering [35, 36],
and heavy machinery [37, 38]. The DEM case implementa-
tions are developed using the Demify Python Application
Programming Interface (API). The solver utilizes NVIDIA
CUDA technology for computation on Graphics Processing
Units (GPUs). The computational cluster at the Fraunhofer-
Chalmers Centre (FCC) is used for parallel execution of
simulation jobs using the Slurm workload manager [39].
Visualization and particle filtering post-processing are per-
formed in the IPS Demify Graphical User Interface (GUI)
[33]. The Demify Python API enables case abstraction and
advanced post-processing routines, facilitating seamless
integration with statistical and optimization packages avail-
able in Python. Since a relatively wide range of computa-
tional nodes with varying hardware specifications is used
in this study, specific performance metrics for individual
simulation evaluations are not reported.

2.6 Calibration strategy

Due to the computational cost of DEM simulation, it is
desirable to limit the number of simulations required for cal-
ibration, a quantity that correlates directly with the number
of parameters to be calibrated. Moreover, parameters that do
not have a clear and significant effect on powder behavior
cannot be reliably identified, making their calibration both
inefficient and inaccurate. Therefore, it is crucial to identify
the active factors, i.e., parameters that significantly impact
the behavior of the powder bulk, prior to calibration. Less
influential parameters should be excluded to ensure process
efficiency and result accuracy.

The fixed material and interaction parameters used in
the calibration are listed in Table 2. Density and Poisson’s
ratio are treated as intrinsic material properties and assigned
based on supplier data. The Young’s modulus is reduced
relative to the physical material value to ensure numerical
stability and manageable computational cost. This practice
is established in DEM modeling, as realistic stiffness values
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Table2 Parameter values used in the DEM simulations during the cali-
bration process

Parameter Value  Ref.
Particle Young’s modulus, Eparticie(MPa) 100 -
Particle restitution coefficient, eparticie 0.4 [31,42]
Ti64 density, prigs (kg/m>) 4400 *

Ti64 Poisson’s ratio, VTig4 0.33 [43, 44]
Inconel 718 density, pmec7is (kg/m3) 8200 *
Inconel 718 Poisson’s ratio, Vnconel 718 0.284 [45]
Tool Young’s modulus, Etoor (MPa) 100 -

Tool Poisson’s ratio (steel), Vparticie 03 [46]
Particle-tool surface energy, Yioo; (mJ/m?) 0.1 o
Particle-tool restitution coefficient, e;00; 0.4 [31, 42]
Particle-tool friction coefficient, jts,p—¢ 0.4 *x
Particle-tool rolling friction coefficient, dr p—¢  0.0255  **

*Provided by the producer
**Selected based on the ANOVA analysis (see Sect. 3)

for small particles would require unreasonably small time
steps [40, 41]. See Supplementary Information section S1
for a stiffness convergence analysis.

The coefficient of restitution for particle—particle and
particle—tool interactions is fixed at 0.4, consistent with
values reported for metallic powders [47] and supported
by studies demonstrating that restitution has comparatively
low influence in dense granular flow regimes, where fric-
tion and cohesion dominate energy dissipation [48]. Fixing
these parameters reduces the dimensionality of the calibra-
tion problem without compromising model fidelity.

The calibration candidate set consists of six variables:
friction coefficient, rolling friction coefficient, and van
der Waals (vdW) surface energy, each defined separately
for particle—particle and particle—tool interactions. DOE is
used to assess their influence on system responses. Seven-
teen parameter combinations are generated: sixteen using
a two-level fractional factorial design and one center point
representing the midpoint of all factor ranges. The upper
and lower bounds for friction, rolling friction, and surface
energy are ub = [0.65, 0.05, 0.2 (mJ/m?)] and Ib = [0.1,
0.001, 0.01 (mJ/m?2)]. Simulation responses for these input
sets are analyzed using analysis of variance (ANOVA) to
identify active factors, significance, and interaction effects.
The results indicate that particle—tool interaction parameters
have considerably lower influence on the response metrics
compared to particle—particle parameters. Therefore, par-
ticle—tool friction, rolling resistance, and surface energy are
subsequently fixed at the midpoint of their respective ranges
in the remaining calibration steps.

A flowchart of the calibration process is shown in Fig. 2.
The process begins by establishing the relationship between
active factors and responses via a surrogate model. To build
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Fig. 2 Flowchart of the calibration process

this model, a 23-point Design of Experiments (DOE) is
used, comprising 16 points from a central composite design
(CCD) and 7 center-point repetitions. The upper and lower
bounds for friction coefficient, rolling friction, and surface
energy are ub = [0.65, 0.05, 0.2 (mJ/m?)] and Ib = [0.1,
0.001, 0.01 (mJ/m?)], respectively. DEM simulations are
performed with these parameter sets to generate responses,
which, together with the corresponding inputs, form the
training dataset. The surrogate model consists of three
multi-input single-output polynomials, each corresponding
to one response. ANOVA identifies the order and combina-
tions of active factors to include in the polynomials. Polyno-
mial coefficients are determined via response surface fitting
using the Ordinary Least Squares (OLS) method.



Progress in Additive Manufacturing

The surrogate model enables prediction of bulk powder
behavior based on specified active factor values. Calibrated
parameters are obtained by identifying values that produce
responses matching the experimental reference (target
responses). An optimization method minimizes the discrep-
ancy between surrogate predictions and target responses.
The objective function is defined as follows:

argmin|| f(x)|l2  s.t.

< <
fsxs<u 9)

where 7 is the number of parameters to be calibrated, and 1
and u are [0.1, 0.001, 0.01 (mJ/m?)] and [0.8, 0.5, 0.2 (mJ/
m?)] for the friction coefficient, rolling friction coefficient,
and surface energy, respectively, and

}:/BE(X) - ):/BE
Y; x) —Y;
fog- | g (10

(VBe(x) - Vre(x) - Yar

Ype(X), Yre(x), and Yap(x) in Eq. (10) are the mean
values of the break, rest, and avalanche energy predicted by
the surrogate model and Yz B, Yr E, and Y g are the corre-
sponding target mean values. Because the avalanche energy
(AE) is defined as the difference between break (BE) and
rest (RE) energy, the fourth element in the 4x1 vector-val-
ued function f(x) is included to ensure that the optimization
process properly accounts for the interdependence between
BE, RE, and AE. As the objective function is not convex,
the derivative-free Powell method is used for optimization.

Note that the optimization is not carried out directly
against experimental data, since each DEM evaluation
is computationally expensive and would render such an
approach intractable. Instead, the surrogate model provides
an efficient intermediate representation, and all optimized
parameter sets are subsequently validated against the exper-
imental reference responses through DEM simulations.
This surrogate-based calibration workflow is standard in
domains where high-fidelity simulations incur substantial
computational cost.

The optimized parameter values are validated by imple-
menting them in the simulation, running it, and comparing
the responses with experimental data. For each response
(mean break, rest, and avalanche energy), the error is calcu-
lated as the difference between experimental and simulation
results. If all three errors are below a predetermined thresh-
old, calibration is finalized and the optimized values are
accepted. Significant deviations indicate that the surrogate
model is unable to accurately predict simulation outcomes.
In that case, the input parameters and simulation responses

are added as an additional data point to the training data-
set, and the surrogate model is updated. This loop of model
development, optimization, and validation is repeated until
the exit criteria are met.

The optimization ranges for the parameters are defined
based on the literature (Sect. 5). The surface energy and fric-
tion coefficients are expected to be around 0.1 m.J/m? and
0.4 respectively, according to a study by Meier et al. [31].
An estimate for the rolling friction is obtained using the
approach suggested by Brilliantov et al. [31, 49]:

(11)

1/5
dn ~ 1—-e 1—02 /
R 1.153 VT‘GfE‘/reff/Q ’

where e is the restitution coefficient, V.. is the reference
velocity, £ is the Young’s modulus, v is the Poisson’s ratio
and 7.y is the effective radius of the two colliding particles
(r1 and 79), defined as 1/resfr = 1/r1 + 1/rs. By setting
T1 = T2 = 'mean and Vs to a value from the upper range
of the particle-particle impact velocity, a value close to
2.5 x 10~ 2 is obtained from Eq. (11) for both Ti64 and Inc-
onel 718 powders. The error threshold for validation of the
optimization results is set according to the standard devia-
tion of the experimental data.

3 Results and discussion

A 33 s segment of the measured energy time series for Ti64
and Inconel 718 powders is shown in Fig. 3 (the complete
dataset is provided in the Supplementary Information, Sec-
tion S3). The experimental responses, listed in Table 3, are
obtained by averaging the break, rest, and avalanche ener-
gies over 150 avalanche events. CV denotes the coefficient
of variation, which is defined as the standard deviation
divided by the mean value.

The break and rest energies are more than an order of
magnitude larger than the avalanche energy, which is defined
as their difference. Consequently, small variations in these
values can lead to large relative changes in the avalanche
energy. As a result, the CV of the break and rest energies
is markedly lower than that of the avalanche energy. For
both powders, the standard deviation of the break energy
exceeds that of the rest energy, indicating that the relatively
high variability of the avalanche energy primarily originates
from fluctuations in the break energy. This quantitative dif-
ference between break and avalanche energies is consistent
with the known sensitivity of avalanche-based metrics to
small experimental variations and highlights the importance
of validating such responses using DEM simulations.
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Fig. 3 Measured specific energy (potential energy normalized by the
powder mass) time-series for the Inconel 718 and Ti64 powders in
RPA. The larger oscillation amplitudes observed for Inconel 718
reflect its higher density and larger particle size compared to Ti64,
resulting in greater energy release during avalanches

Table 3 Responses extracted from the RPA measurements

Powder Ti64 Inconel718
Mean break energy (mJ/kg) 148.86 142.60
Break energy St.Dev. (mJ/kg) 1.14 242

CV of break energy (%) 0.77 1.69

Mean rest energy (mJ/kg) 143.26 130.40
Rest energy St.Dev. (mJ/kg) 0.86 1.30

CV of rest energy (%) 0.60 1.00

Mean avalanche energy (mJ/kg) 5.6 12.2
Avalanche energy St.Dev. (mJ/kg) 1.81 3.57

CV of avalanche energy (%) 32.35 29.30

Among the six candidate parameters investigated to
identify the active factors, the particle-particle friction
coefficient (us,—p), rolling friction coefficient (dg,p—p)
and particle surface energy (Yparticie) are found to be sig-
nificant, whereas the particle-tool interaction parameters are
not. The non-significant parameters are fixed at the mid-
point of the DOE range, as their variation does not have a
measurable impact on the responses. The parameter values
used during the calibration process are listed in Table 2. The
inter-particle and particle-tool parameters without particle
material specification in Table 2 are assumed to be identical
for both Ti64 and Inconel 718 powders.

The ANOVA results used to determine the terms included
in the surrogate models for Inconel 718 and Ti64 powders
are shown in Fig. 4 (additional details are provided in the
Supplementary Information, Sects. S1 and S2). X1, X2, and
X3 denote the friction coefficient, rolling friction coeffi-
cient, and surface energy, respectively. The surrogate model
comprises three separate polynomials corresponding to the
mean break, rest, and avalanche energies. Terms with p-val-
ues below the 5% significance level are included.
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Fig. 4 Plots of p-values from the ANOVA analysis used to identify
active factors for the three responses: break, rest and avalanche energy
for (a) Inconel 718 and (b) Ti64. X1, X2, and X3 represent friction
coefficient, rolling friction coefficient, and surface energy, respec-
tively. The dashed line indicates the significance level (alpha=5%)
When comparing the two powders, the influence of X1 (sliding fric-
tion) is stronger for Inconel 718 than for Ti64, consistent with its
higher density and larger particle size.

For Inconel 718, the included terms are X1, X2, X3, and
X12 for break energy; X1, X2, and X172 for rest energy; and
X1, X2, X3, X2:X3, and X12 for avalanche energy. For
Ti64, the included terms are X1, X2, X3, X2:X3, and X12
for break energy; X2, X3, X2:X3, and X1? for avalanche
energy; and all terms except X1:X2:X3 and X32 for rest
energy. Further details are provided in the Supplementary
Information.

The results show a notable disparity in how the active
factors affect the responses for the two powders, leading
to distinct surrogate models. This underscores the impor-
tance of powder-specific model calibration. The balance
between sliding friction and surface energy differs markedly
between the two alloys, reflecting their contrasting material
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properties. Inconel 718, with its higher density and larger
particle size, exhibits responses dominated by frictional
effects, whereas Ti64, with its lower density and finer par-
ticle size distribution, shows stronger sensitivity to surface
energy. This indicates that frictional resistance governs the
dynamics of denser, coarser powders, while cohesive inter-
actions play a larger role in finer, lighter powders, empha-
sizing the need for powder-specific calibration strategies
within a unified framework.

For Inconel 718, the break and rest energies depend pri-
marily on sliding and rolling friction, and the friction—adhe-
sion interaction term (X2:X3) influences only the avalanche
energy. For Ti64, friction does not affect the avalanche
energy, whereas surface energy influences all responses
through the interaction term X2:X3. These trends are con-
sistent with differences in material properties: Inconel 718,
with its higher density and larger particle size, is more sensi-
tive to sliding friction than to surface energy compared with
Ti64. Similar trends are observed for both powders, where
first-order factors dominate over second-order and inter-
action terms (see Tables S1 and S2 in the Supplementary
Information). In addition, surface energy, and thus adhesive
forces, has little effect on rest energy but strongly influences
break and avalanche energy. The final surrogate models and
their adjusted R-squared values are listed in Table S3 in the
Supplementary Information.

The calibrated parameter values are obtained by opti-
mizing an objective function defined as the root sum of
squares of the differences between the target responses and
surrogate model predictions (Eq. 9, Eq. 10). As explained
in subsection 2.3, the RPA drum diameter is scaled down
by a ratio of 1:5 in the simulation, and the target response
values are scaled accordingly when used in the objective
function. Based on the experimental results in Table 3, the
error threshold is set to 5% to account for variability in the
experimental avalanche energy while ensuring acceptable
accuracy. For Ti64, 18 additional data points, and for Inco-
nel 718, 19 additional data points are required beyond the
initial DOE to refine the surrogate model until it generates
calibration parameters that satisfy the termination criterion
of the optimization algorithm shown in Fig. 2 (see section
S4 for more details).

Final calibrated values for the active factors, along with
parameter ranges reported in previous studies on Ni-based
and Ti-6Al-4V alloys, are listed in Table 4 and Table 5,
respectively. All calibrated values fall within the ranges
reported in the literature.

The responses obtained using the calibrated model are
compared with the experimental results in Sect. 6. For both
powders, the percentage difference between the simulation
results and the targets is below the 5% threshold. However,
this value is higher for Ti64 than for Inconel 718, possibly

Table 4 Calibrated parameters values

Powder Particle friction Particle rolling fric- Particle
coefficient tion coefficient surface
energy
(mJ/m?)
Inconel 718 0.76 0.08 0.16
Ti64 0.78 0.14 0.015

Table 5 Ranges of powder inter-particle interaction parameters
reported in studies involving Ni-based and Ti-6Al1-4V alloys [23, 31,
4244, 47, 50-58]

Parameter Range
Friction coefficient, pts,p—p 0.12-0.8
Rolling friction coefficient, dr,p—p 0.005-0.51
Surface energy, vp—p (mJ/m?) 0.02—4.87

Table 6 Target values compared with simulation results obtained using
the calibrated parameters

Break Rest energy Ava-
energy lanche
energy
Inconel 718
Target (mJ/kg) 28.52 26.08 2.44
Sim. result (mJ/kg) 28.45 26.01 2.441
|Target - Sim. results| (%) 0.22 0.25 0.04
Ti64
Target (mJ/kg) 29.77 28.65 1.12
Sim. result (mJ/kg) 29.69 28.53 1.16
|Target - Sim. results| (%) 0.25 0.42 3.83

due to the low target avalanche energy in the case of Ti64.
In general, weaker particle interactions result in higher ava-
lanche energy, as well as higher break energy. The optimizer
has identified a parameter set that reduces the avalanche
energy to an acceptable level while keeping the break and
rest energies within 5% of the target values. In the case of
Inconel 718, where the avalanche energy is more than twice
as high, this approach yields better optimization results,
likely due to the higher target energy and the system’s abil-
ity to accommodate larger variations without compromising
performance.

To facilitate visual comparison, the normalized energy
time series are shown in Sect. 5. As explained in subsec-
tion 2.3, the geometry is down-scaled and the drum angular
velocity is adjusted to maintain the Froude number. There-
fore, the energy (y-axis) is normalized by the drum radius
and the time (x-axis) by the rotation period, allowing con-
sistent visual comparison between experiments and simu-
lations. Snapshots of break, avalanche, and rest positions
from both simulation and experimental measurements are
displayed in the insets.

To verify the scaling method, three additional simula-
tions were run with different drum radii. The responses are
plotted against the drum radius in Fig. 6. The extrapolated
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Fig.5 Comparison of the normalized specific energy (potential energy
normalized by powder mass) time-series from experimental and simu-
lated results for (a) Inconel 718 and (b) Ti64. Time is normalized by
rotation period, and energy is normalized by the drum radius. The inset
shows snapshots of the break, avalanche, and rest positions from both
the simulation and experimental measurements

linear trend lines fitted to the simulation results reach the
experimental value with approximately 1.8% and 1.42%
error for break and rest energy, respectively.

As the drum radius increases from 2.5 to 7.5 mm in the
simulation setup, the ratio of average particle size to drum
radius varies between 3% and 1%. This ratio and its varia-
tion are relatively small, since the geometry is scaled down
only to a limit where the drum dimensions remain con-
siderably larger than the particle size. As shown in Fig. 6,
this small variation does not affect the linear scaling of the
energy with radius.

The DEM visualizations presented in Figs. 7 and 8
serve as a qualitative complement to the energy-based
calibration, illustrating that the simulated powder exhib-
its the expected avalanche behavior observed in the RPA.
These snapshots provide mechanistic insight into internal
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the RPA drum, and indicating the predicted energy at this radius. This
confirms that the Froude-based down-scaling approach preserves bulk
energy responses across drum sizes.

particle rearrangements during an avalanche, which cannot
be resolved experimentally from bulk energy measurements
alone.

The timeline of an avalanche event is illustrated in Fig. 7.
The avalanche typically begins when a few large particles
acquire sufficient energy to roll down the surface, colliding
with and displacing neighboring particles along their path.
In snapshot 3 of Fig. 7, particles near the lower section of
the surface begin to roll, destabilizing the support structure
for particles positioned higher up. This triggers the propaga-
tion of the avalanche toward the upper region, leading to the
formation of a shear layer. The avalanche progresses until
particles in the lower section of the surface reach a stable,
interlocked configuration that prevents further significant
displacement by particles rolling from above (as seen in
snapshot 8). Eventually, high-energy particles from the top
either roll down completely or become trapped along the
way, allowing the bulk material to settle into a stable rest
position. These dynamics illustrate how localized failures
can cascade into full avalanches, a mechanism that parallels
the rearrangement of powder under the shear imposed dur-
ing recoating.

Another phenomenon that is difficult to track experimen-
tally is size segregation. Size segregation is a well-known
effect that is often studied in mixing applications [59, 60].
The segregation timeline is illustrated in Fig. 8. During an
avalanche event, larger and heavier particles often possess
sufficient energy to roll all the way down, while smaller par-
ticles are more likely to become trapped along their path, as
shown in snapshot 2 of Fig. 8. Following each avalanche, a
cluster of large particles accumulates near the lower region
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Fig. 7 Time-sequence of snapshots for a characteristic avalanche event. The propagation of motion from a few rolling particles into a shear layer
reflects collective dynamics that cannot be captured from bulk energy measurements alone
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Fig. 8 Particle size segregation in the RPA setup. The migration of larger particles toward the periphery and finer particles toward the core illus-
trates stratification mechanisms with direct implications for powder-bed homogeneity in AM
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of the bulk surface (snapshot 3). With successive avalanche
events, this cluster grows and is progressively dragged
along the drum wall during rotation. This process initiates
size segregation, where larger particles migrate closer to
the drum wall (snapshots 3 and 4). As the drum continues
to rotate, the segregated larger particles are carried upward
along the wall, eventually reaching the upper edge of the
bulk surface (snapshot 5). At this point, they roll down dur-
ing the avalanche, contributing predominantly to the shear
layer (snapshot 6). Over time, the size segregation stabi-
lizes, resulting in a configuration where larger particles are
mostly located along the drum walls and at the bulk surface,
while smaller particles concentrate in the central region of
the bulk (snapshots 7 and 8).

The size segregation observed in the drum differs from
that in powder-bed recoating, where smaller particles tend
to stratify to the bottom of the bed [61]. During avalanch-
ing, larger particles roll toward the drum periphery, while
smaller ones become trapped along their path and perco-
late into the core (“kinetic sieving”), forming a fines-rich
central “kidney” region. Although the geometry differs from
LPBF recoating, these observations demonstrate mecha-
nisms, such as preferential fines concentration, that influ-
ence layer uniformity during spreading. In LPBF spreading,
horizontal shear from the build plate and recoater blade
instead drags and traps fine particles along the walls, as
reported in the referenced study.

4 Conclusions

This work presents a Froude-number-based framework for
calibrating DEM models for AM powders while retaining
the real particle size distribution. The method is demon-
strated for two representative PBF-EB alloys, Inconel 718
and Ti-6Al-4V, using a revolution drum setup and the break,
rest, and avalanche energies as calibration responses. Cali-
bration is performed using geometrically down-scaled DEM
simulations that preserve both particle size and dynamic
similarity in terms of the Froude number.

The DOE and surrogate-model analysis indicate that,
within the tested experimental and numerical conditions,
the dominant contributors to bulk flow behavior are the
particle-particle friction coefficient, rolling friction coeffi-
cient, and surface energy, whereas particle—tool interactions
have limited influence in this specific setup. The optimized
parameters fall within ranges reported in the literature, and
the distinct parameter sensitivities observed between Inco-
nel 718 and Ti-6Al-4V highlight the need for powder-spe-
cific calibration rather than the use of generic values.

Verification of the down-scaling approach across the
tested drum sizes shows a linear relationship between

@ Springer

bulk energy responses and drum radius, indicating that the
method is effective within the investigated range. The cali-
brated simulations additionally provide mechanistic insight
into avalanche development and size segregation, offering
value beyond parameter fitting.

Several limitations remain. Preserving only the Froude
number does not guarantee full similarity across all relevant
dimensionless groups, particularly for cohesive fine pow-
ders. Furthermore, the present study focuses on rotating
drum flow and does not yet establish a direct quantitative
correlation with powder spreading in AM systems.

Further work is underway to investigate scaling effects
and assess their transferability to other geometries and pow-
der spreading processes. The goal is to establish a quantita-
tive link between RPA-based calibration and powder layer
formation in AM, thereby improving the predictive capa-
bility of DEM models under process-relevant conditions.
Future work will include experimental validation of scal-
ing laws using newly manufactured drum adapters with
multiple diameters, enabling direct comparison between
scaled simulations and corresponding RPA measurements.
The outcomes are expected to clarify the limits of Froude-
based similarity, particularly the influence of wall effects in
small-scale geometries. Implementing smaller drums will
also facilitate closer alignment between experimental and
simulated conditions, although this requires modifications
to camera positioning and software configuration.
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