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ABSTRACT

Powder bed fusion (PBF) in metallic additive manufacturing offers the ability to produce intricate geometries, high-
strength components, and reliable products. However, powder processing before energy-based binding significantly
impacts the final product’s integrity. Processing maps guide efficient process design to minimize defects, but
creating them through experimentation alone is challenging due to the wide range of parameters, necessitating
a comprehensive computational parametric analysis. In this study, we used the discrete element method to
parametrically analyze the powder processing design space in PBF of stainless steel 316L powders. Uniform lattice
parameter sweeps are often used for parametric analysis, but are computationally intensive. We find that non-
uniform parameter sweep based on the low discrepancy sequence (LDS) algorithm is ten times more efficient at
exploring the design space while accurately capturing the relationship between powder flow dynamics and bed
packing density. We introduce a multi-layer perceptron (MLP) model to interpolate parametric causalities within
the LDS parameter space. With over 99% accuracy, it effectively captures these causalities while requiring fewer
simulations. Finally, we generate processing design maps for machine setups and powder selections for efficient
process design. We find that recoating speed has the highest impact on powder processing quality, followed by
recoating layer thickness, particle size, and inter-particle friction.
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1 Introduction

Powder bed fusion (PBF) additive manufacturing, such as selective laser melting (SLM), direct
laser sintering (DLS), and electron beam melting (EBM), enables the production of parts with intricate
geometries while minimizing material waste compared to conventional subtractive manufacturing [1].
Recent development of PBF techniques enables novel rapid fabrication of products built from novel
materials such as high strength alloys and high entropy alloys [2]. Simultaneously, the advancement of
the powder processing in PBF additive manufacturing allows multi-material fusion through advanced
processing approaches [3]. There is strong evidence that final product integrity is highly dependent on
the quality of powder processing. Inefficient powder processing due to improperly selected processing
parameters is identified as a major source of product imperfections [4]. Advancing powder-based metal
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additive manufacturing is hinged on achieving optimal parameter selection and effectively mitigating
defects in the production process.

Processing design maps are powerful predictive tools for visualizing the impact of powder
processing variables, including machining setups and powder properties, to optimize part quality and
minimize defects [5]. Such maps could be developed through controlled experimentation or modeling.
For instance, Imani et al. developed in-situ characterization of layer-wise pore sizes and shapes, and
generated processing maps related to laser scanning parameters [6]. Yuasa et al. investigated the effect
of recoating speed on the powder bed surface morphologies and generated recoating speed processing
maps [7]. However, creating these maps based solely on experimentation can be challenging due to
the extensive range of parameters involved and the multitude of experiments required. Comparatively,
computational modeling of powder processing and its parametric analysis offers effective means to
generate processing maps.

There are numerous techniques employed for PBF computational modeling. For instance, the
finite element method and finite volume method are often applied for the mechanical modeling in
laser-based PBF techniques [8]. Lattice Boltzmann method based on computational fluid dynamics
has been successfully utilized for modeling electron beam melting manufacturing [9]. Despite the
ability to integrate mechanics with heat transfer, these simulations often treat the powder bed as a
continuum, with powder flow dynamics rarely accounted for. In contrast, discrete modeling methods
such as raindrop packing [10] and discrete element method (DEM), targeting the dynamics of
granular particles, can effectively analyze the particle interactions during spreading. Specifically, DEM
simulates discrete particles constrained by active field forces, offering significantly high resolution
in modeling interparticle interactions with relatively low computational effort [11]. DEM has been
utilized in analysis of powder spreading involving various parameters such as particle morphology
[12], recoating layer thickness [13,14], and recoating speed [15].

While DEM offers high modeling resolution, conducting multi-dimensional fine-scale parametric
analyses with this approach can still pose computational challenges due to the vast parameter space
involved in PBF processes. For example, varying five parameters across ten values can add up to 105

simulations. One approach to address these computational demands is through the use of innovative
parameter sweep algorithms to explore the recoating parameter design space to reveal the parametric
causalities.

Parameter sweep is an established algorithmic technique that has been utilized in various engi-
neering applications especially for the process control of PBF additive manufacturing [16–18]. The
primary purpose of parameter sweep analysis is to strategically explore the design space and observe
system behavior to extract causal relationships, providing a comprehensive understanding of the
design space. Conventionally, parameter sweeps are conducted by uniformly varying parameters on a
lattice grid, known as using lattice sweep. While easy to implement, this algorithm sometimes leaves
significant portions of the parameter space unexplored, resulting in incomplete interpretations. A
further partition of parameter space using a finer lattice grid can improve such issues, but can be
computationally expensive, especially when dealing with high dimensional parameter space. Non-
uniform parameter sweeps address these issues by partitioning the design space through iterative
generation of parametric combinations, either randomly or using mathematical sequences, enabling
more efficient coverage of the parameter space. Specifically, low discrepancy sequences (LDS) sweep
algorithms explore the parameter space following the mathematical sequences that were originally
developed for efficiently solving high dimensional integrals [19]. The efficient production of parametric
combinations enables their application for large-scale parametric analysis in diverse domains [20,21].
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Machine learning (ML) based regression models can effectively further enhance parameter
sweeps by providing both interpolations and extrapolations for parametric combinations that are
not explicitly modeled. ML models have been used recently as efficient data-driven modeling tech-
niques for PBF manufacturing [22–24]. Recent advancements in machine learning have significantly
enhanced its application in additive manufacturing processes, supporting various objectives like
process optimization and design [25], product quality assurance [26], and real-time defect detection
[27–29]. Advanced ML models, such as explainable artificial intelligence models, have been emerging
as a promising interpretative tool to capture the intricate and complex parametric correlations
involved in PBF processes as these models often possess higher transparencies on model constructions
compared to conventional ML models [30]. In the current context, ML models can bridge the gaps
between simulated parametric combinations without requiring additional simulations. This enhances
parametric analysis and improves the efficiency of generating the process design maps. A converged
parameter sweep is required to effectively use the ML interpolation models.

In this study, we employed DEM models in conjunction with LDS parameter sweeps and a multi-
layer perceptron (MLP) regression model to analyze the stainless steel SS-316L powder spreading
and generate recoating design maps. We first created DEM simulations of powder spreading with
various combinations of spreading parameters using a conventional lattice sweep and a novel LDS
sweep algorithm. Statistical convergence analysis revealed that the LDS sweep is ten times more
efficient than the lattice sweep. We then interpolated the parameter design space using the LDS sweep
in conjunction with the MLP regression model. The MLP model was capable of interpolating the
parameter design space with an accuracy of over 99%. We used this approach to generate recoating
process design maps for 3D printing setups and powder selection, which can be used for powder
spreading improvement. While the recoating design maps can improve PBF additive manufacturing,
the computational methodology of combining LDS parameter sweeps with MLP regression can be
used in many applications for efficient process design.

2 Methodology
2.1 DEM Powder Processing Simulations

The quality of powder processing can be affected by the selection of powders and the corre-
sponding machine setup. Despite the numerous parameters involved in powder processing, this study
focuses on four primary variables: interparticle friction, recoating layer thickness, recoating speed,
and particle size. These parameters have been proven to independently or synergistically affect the
quality of powder processing. For instance, the spreadability of metallic powders is highly dependent
the interparticle friction and particle size [31,32]. The recoating parameters including recoating speed
and recoating layer thickness have various impacts on the powder flowing mechanisms and resulting
behaviors [33,34]. Therefore, the 4-dimensional parameter design space based on these parameters is
used to demonstrate the parameter sweep approaches. Note that PBF metallic powder usually contains
a distribution of particles with various sizes and shapes [35] described by particle size distribution
(PSD). The multi-sphere method (MSM) in DEM modeling can address the various shapes of particles
with additionally defined particle templating parameters [36]. However, to simplify the models and
focus on the primary cause-effect relationships related to particle size, we define particles as spheres
with a uniform diameter (D). Parameter ranges used in DEM simulations are determined based on
previous studies [14,35] and are listed in Table 1.
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Table 1: Parameter ranges in DEM simulations for powder processing trajectories

Parameter Minimum Maximum

Inter-particle friction, f 0.15 0.45
Particle diameter, d (μm) 10 50
Recoating layer thickness, h (μm) 55 75
Recoating speed, v (mm/s) 5 15
Parameter Constant
Particle density (kg/m3) 7980
Young’s modulus (GPa) 2.1
Poisson’s ratio 0.3
Coefficient of restitution 0.4

One critical step in setting up DEM simulations is the selection of an appropriate contact model for
an accurate description of contacting particle interactions [37]. While there have been many particle-
particle contact models, such as the viscoelastic model [38], JKR cohesive model [15,39], and linear
elastic model [40] employed for powder processing studies, the large-scale parametric analysis in the
current study requires high computational efficiency. We employ the Hertz-Mindlin contact model
without considering plastic deformation. This model has been demonstrated to provide an accurate
description of particle interactions and is computationally efficient, making it an ideal choice for this
study [41–43]. The interaction between two contacting particles is schematically depicted in Fig. 1.
The nonlinear interaction between two contacting particles, particlei and particlej, is independently
computed in normal and tangential directions [44]. The normal component, Fn, considering the
damping coefficient γn and elastic coefficient kn, is calculated from Eq. (1). Each particle is subject
to a normal deformation during the interaction, which is denoted by δnij and computed from the
relative velocity, vnij, in the normal direction. Here, E stands for the Young’s Modulus of the particle, υ
represents the Poison’s ratio, and ε denotes the coefficient of restitution. Req and Meq are the equivalent
mass and radius of particles, respectively. They are computed as the harmonic mean of radius and mass
of particlei and particlej, respectively. Similarly, the tangential force, Ft, is computed using Eq. (2). Here,
δtij and vtij denote the deformation and relative tangential velocity in the tangential direction, where
the tangential deformation is the temporal integral of tangential velocity. Additionally, the tangential
force Ft is truncated by the normal force using Eq. (3), where μ is the coefficient of friction.
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Figure 1: Schematic diagram of Hertz-Mindlin contact model

The powder processing trajectories are generated using an open-source DEM software,
LIGGGHTS, due to its high-performance-computing friendly compilation for a large number of
simulations [44]. A simulation field of 12 cm by 3 cm with a height of 24 cm is first defined. A timestep
of 10−6 s is used for simulations. During the initialization step, a cloud of spherical particles with
uniform size was randomly inserted into a prism box close to the floor of the simulation field. All six
walls of the box were treated as rigid surfaces. Subsequently, these particles fall under the action of
gravity and settle on the floor within 10,000 timesteps. This is a standard step in a DEM simulation to
reduce the total degrees of freedom and the corresponding computational cost. In the recoating step,
a rectangular recoater is inserted into the simulation field and adjusted to maintain a parametrically
defined distance, i.e., the recoating layer thickness h, from the simulation floor. This step is followed by
a relaxation for 10,000 timesteps to stabilize the system. Once the particulate system reaches to a steady
state, the recoater is moved across the settled layer of particles with a parametrically defined velocity
v for a duration of 300,000 timesteps. Simultaneously, the particles’ coordinates and the mechanical
contact interactions between individual particles and those between particles and the recoater are
tracked in the DEM model. This simulation is repeated with different parametric variations in the 4D
design space.

For high quality powder processing, a smooth powder flow extrusion underneath the recoater
resulting in a densely packed powder bed is desired. We use the metric, mass flow rate (MFR), to
investigate the powder spreadability. MFR is the rate of particle flow across the gap between the
recoater and the simulation floor. A higher value of MFR indicates a higher spreadability of powder,
which results in a uniform powder layer before binding and subsequently a higher quality final product.
Generally, increasing the recoating speed causes particles to move faster transversely, often resulting
in particles moving with the recoater rather than passing through the extrusion gap, the dimension
of which is set as identical to the recoating layer thickness, for proper deposition. In such scenarios,
a smaller number of particles would pass through the gap at a decreased flow rate [45,46]. MFR is
calculated as the ratio between the mass of extruded powder and the maximum allowable flow mass
through a sampling zone defined with the recoater thickness, w, and recoating layer thickness, h, as
depicted in Fig. 2.
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Figure 2: Two-dimensional schematic depiction of sampling zone for mass flow rate and packing
density

In addition to the powder spreadability, the packing structure of the deposited layers significantly
affects the subsequent energy-based powder fusion. Analyzing the packing structure is crucial to
gaining useful insights into process design, such as selecting an appropriate recoating layer thickness
for a given particle size. The quality of the resulting powder bed can be evaluated by computing the
packing density (PD). Apparent packing density is used to calculate the ratio between the total volume
occupied by particles over the entire simulation space. This is more suitable for particle insertion with
PSDs and is not necessary for the post-processing of uniform particles. Alternatively, the voxel packing
density can be utilized as a localized packing structure metric during the powder processing. In this
method, a theoretical packing density is calculated as the ratio of computed volume of the spherical
particles to the total voxel volume. This quantification can lead to a higher packing density than the
apparent density, however, it is adequate to analyze the parametric causalities between the packing
structures and processing parameters [47]. The dimensions the PD sampling zone are defined to be
the same width and length as the recoater, w. To address the variation of the number of particles going
through the gap resulting from various particle sizes and recoating layer thickness, the height of the
sampling zone is set as the recoating layer thickness, h, as shown in Fig. 2. A higher PD indicates a
tightly packed powder bed with minimal voids and is desired.

2.2 Parameter Sweep Algorithms
A conventional parameter sweep approach uniformly partitions the parameter space. For example,

consider a d-dimensional parameter space. If each dimension is equally partitioned into N points, the
total number of simulations with unique parameter combinations is Nd. To check for convergence, a
finer partition with (N + 1) points in each dimension, resulting in a total of (N +1)d simulations, need
to be compared for the simulation outcomes. The difference between the total numbers of simulations
from two adjacent partitions is highly dependent on the degree of partition and the total dimensions
of the parameter space. Especially at a higher dimensional parameter space such as the current study,
the efforts for generating the simulation trajectories with finer partitions for convergence analysis are
time-consuming and computationally expensive. Uniform spacing can also lead to a large unexplored
parameter space.

The LDS parameter sweep, on the other hand, generates non-uniform grids using mathemat-
ical sequences that provide more efficient parameter space coverage [48–50]. Considering the high



CMES, 2025, vol.142, no.2 2073

dimension of current parameter space, we choose the scrambled Halton sequence as the basis for the
LDS sweep. The scrambled Halton sequence generates parameters based on the Halton sequence [51].
Firstly, considering a D-dimensional parameter space with all dimensions established in [0, 1], a prime
number pd, where 1 d ≤ D, is assigned to the dth dimension as a base prime number. To generate a
total of N parametric grids, the coordinates of nth (1 n ≤ N) parametric grid is formulated as (cn

(1),

cn
(2), . . . cn

(D)), where cn
(d) is computed by cn

(d) = ∑N

k=0

ak

pd
k+1

, using a radical inversion function based

on the prime number, pd, in the corresponding dth dimension. Here, ak denotes the kth digit of integer
n in the base of pd. The generated list of coordinates is further scrambled using a classic permutation
algorithm to introduce a controlled degree of randomness to the sequence, breaking up any inherent
patterns while maintaining the low-discrepancy properties [49]. Subsequently, the final coordinates for
the nth parametric grid in the dth dimension is obtained as (Cn

(1), Cn
(2), . . . Cn
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). Note that by the
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The developed LDS sweep algorithm has two major advantages. Firstly, compared to other
common LDS algorithms from the perspective of computational resources utilization, the scrambled
Halton sequence and its parent formulation, the Halton sequence, allow adding new grids to the exist-
ing discretization without shifting the previously generated grids. Thus the simulations corresponding
to a given set of grid points or parameter combinations remain useful when the new partitions are
added to the design space. This is a distinct advantage compared to lattice sweeps [20]. Secondly, as
a high-dimension parameter space constrained by many potential parameters, it is crucial to make
sure that the parameter space can be expanded, and that the grid distribution remains numerically
efficient instead of linearly correlated in higher dimensions. This is resolved by numerical permutations
in higher dimensions in the scrambled Halton sequence and thus is superior to the Halton sequence
[20,49,51].

In this work, lattice parameter sweep is used as a baseline for comparing the performance and
efficiency of the low discrepancy sequence (LDS) parameter sweep. We compared the lattice and
LDS sweep algorithms to generate parameter grids covering the entire design space. By increasing
the number of simulations and refining parametric grids, the parameter design space is systematically
explored, revealing more parametric causal relationships. When the partition is fine enough for an
accurate description of parametric causalities, the parameter sweep is no longer dependent on the
parameter space partitions and is considered to be converged. Following the conventional convergence
analysis method, we use five statistical metrics, mean, standard deviation, median, kurtosis, and
skewness to comprehensively measure the simulation outcomes from each partition. The algorithmic
protocols followed for the convergence analysis of the lattice sweep and LDS sweep are shown in
Fig. 3a. Input files for DEM simulation are generated according to parameter combinations and are
allocated to computing processors in a high-performance-computing cluster. The computing tasks
are assigned through a GNU parallel computing tool to manage the overall computation in parallel
to shorten the total simulation time. The resulting simulation trajectories are post-processed for MFR
and PD to capture the powder flow mechanics and evaluate the resulting powder bed. Subsequently,
statistical metrics are applied to evaluate the simulation outcomes from a given parameter space
partition and compared with a finer partition with more simulations. This process is repeated till
convergence is obtained. Fig. 3b shows a representative 3-dimensional parameter space partition
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between [0, 1] generated by the lattice sweep. It can be observed that in such a partition, a large portion
of parameter space remains unexplored.

Figure 3: Parameter sweep algorithms. (a) Algorithmic convergence analysis of the lattice and LDS
parameter sweep. (b) Representative 3-dimensional parameter space partition generated by the lattice
sweep. (c) Representative 3-dimensional parameter space partition generated by the LDS sweep

The convergence analysis for the LDS sweep is shown in Fig. 3a. The major difference is that
instead of checking the convergence on the level of consecutive partitions, the LDS sweep allows an
automated convergence check on the level of individual simulation since the newly-generated partition
contains identical parametric combination from the existing partition. While lattice convergence check
needs comparison between Nd and (N + 1)d, simulations, LDS convergence check can be performed
between N and N + 1 simulations, leading to a much more efficient process. A representative 3-
dimensional parameter space partition between [0, 1] generated by the LDS sweep is shown in Fig. 3c,
showcasing the efficient coverage of the parameter space.

2.3 Multi-Layer Perceptron
Incorporating machine learning into parameter sweeps offers two main benefits: it enhances the

understanding of causality and improves parametric interpolation. ML model development generally
follows common steps: a subset of data is randomly selected to build and train the model with
adjustments to the hyperparameters. The remaining dataset is used to test the model’s performance.
The optimized model is then used for regression analysis, predictions and further interpretations.
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ML based regression models are well-suited for parametric analysis, especially in a high-dimensional
design space. Once a parameter sweep algorithm converges, the resulting partition fully describes the
causal relationships within the design space. Using machine learning (ML) models, we can verify the
parametric interpretations identified in a random subset of modeling trajectories apply universally to
trajectories with different parameter combinations. Once parametric features are globally understood,
the ML model reliably applies these insights to effectively interpolate the entire design space.

The multi-layer perceptron (MLP) model is considered as one of the foundational types of
artificial neural networks, prized for its ease of implementation, straightforward hyperparameter
tuning, and high regression accuracy [52]. Each MLP contains a feed-forward back-propagation
training mechanism between MLP components as demonstrated in Fig. 4. A complete MLP contains
an input layer, which specifies the independent variables of the dataset, an output layer, which generates
the prediction of the MLP, and certain hidden layers, which contains a series of hidden neurons with
built-in activation functions. The feed-forward mechanism refers to the training direction, in which the
input information from the input layer is fed towards the output layer. The activation functions inside
of hidden layers receive and process the information from the last layer and generate new outputs,
which are passed to the next layer. Iteratively layer by layer, a prediction is produced at the output layer
which is compared with the actual desired test data for a deviation. The back-propagation mechanism
refers to propagating the deviation back to the beginning of the hidden layers so that the weight and
bias of each hidden neuron are adjusted correspondingly to minimize the new deviation. Such a process
is repeated recursively until the deviation falls within a predefined tolerance. In the current context of
PBF parameter analysis, four processing parameters are assigned to four independent input neurons
whereas the output neuron contains MFR and PD.

Figure 4: Schematic depiction of a two-layer MLP artificial neural network with eight hidden neurons

When an MLP is used for interpolation of parametric causalities, there are certain inherent
variables to consider, such as the number of hidden neurons, and the split method of training and
test data. We investigate the MLP interpolation accuracy concerning a varied number of neurons
to avoid uncertainties from the MLP complexity. Furthermore, we repeat each training three times
and report the average interpolation accuracy. We adopt the conventional 80%–20% training/test data
split for each examined parametric partition and define a consistent random state of split throughout
repetitions to reduce the effect of data feeding, ensuring the comparability between parameter space
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partitions. The squared coefficient of the determinant R2 is selected as the goodness-of-fit measure of
the MLP. A higher value of R2 between [0, 1] is desired indicating the parametric causality is sufficiently
interpolated and can be applied globally in the parameter design space.

3 Results and Discussion
3.1 Representative DEM Model Results

We first examine the DEM results for powder processing with various combinations of parameters.
Fig. 5 contains representative trajectories with both normal and abnormal extrusions. The size of
particle in the visualization is increased for clearer imaging. The scaling (3X) is based on the
dimensions of the recoater and the extrusion gap. Fig. 5a shows a representative powder recoating
with 1000 particles with a diameter of 29 μm deposited by a 57 μm extrusion gap at three different
time steps during the recoating process. At the start of the recoating (step = 0), a pile of particles is
formed on the simulation floor. As the recoating proceeds, a portion of particles is accumulated in
front of the recoater, and some particles are deposited into a uniform layer of particles behind the
recoater. The MFR and PD are calculated when the recoater reaches the center of the simulation
floor, which indicate a steady state. A powder processing trajectory such as this is preferred due to
the smooth powder flow extruded through the gap, producing a densely packed layer of powder with
relatively uniform thickness.

Figure 5: Representative visualizations of DEM powder processing simulations. (a) Desired trajectory
with normal extrusion for 29 μm particles deposited by a 57 μm extrusion gap (friction = 0.3, recoating
speed = 10 mm/s). (b) Undesired trajectory with abnormal extrusion for 29 μm particles deposited
by a 64 μm extrusion gap (friction = 0.3, recoating speed = 10 mm/s). (c) Undesired trajectory with
abnormal extrusion for 26 μm particles deposited by a 71 μm extrusion gap (friction = 0.3, recoating
speed = 10 mm/s)

We identify the abnormal powder extrusion resulting in low quality powder processing in Fig. 5b,c.
In general, these trajectories are created due to the poor selection of one or more processing
parameters. For instance, it is crucial to match the powder sizes with an appropriate recoating
layer thickness. In a scenario where a small recoating thickness is used, large particles tend to
cluster up and move with the recoater instead of going through the extrusion gap. Fig. 5b shows
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one such jamming trajectory containing particles with 29 μm diameter deposited with a 64 μm
extrusion gap. Conversely, Fig. 5c shows a short feed trajectory containing 26 μm particles deposited
with a 71 μm extrusion gap. In this scenario, where the recoating layer thickness is too large for
the powder size, the motion of the recoater does not alter the overall particle kinematics on the
simulation floor as shown if Fig. 5c. These phenomena of jamming and shortfeed are generally to be
avoided during physical experimentation. However, for parametric analysis, the undesired trajectories
contribute to the understanding of parametric causalities and subsequent interpolations. Therefore,
in a comprehensive parametric analysis for generating processing maps, it is essential to also cover the
parameter space corresponding to low quality deposition and abnormal powder extrusions. Through
this approach, we identify the high quality powder processing trajectories and parametrically explain
the low quality ones as discussed later in Section 3.3. We use these DEM simulations to both explore
the parameter space and to analyze the efficiency of parameter sweep algorithms.

3.2 Convergence Analysis of Parameter Sweeps
We first briefly examine the MFR evolution as a function of frequency distribution probability

in DEM simulation outcomes produced by lattice and LDS parameter space partitions. We use the
parameter sweep algorithm (lattice or LDS) followed by the number of simulations to identify a
parameter sweep partition. For example, lattice 10,000, would imply 10 sets of values varying on
an even grid for the 4 parameters resulting in 104 simulations. In contrast, LDS 500 would consist
of 500 simulations with varying parameter values that would cover the four-dimensional design
space based on LDS algorithm, referring to Figs. 3b and 3c. As illustrated in Fig. 6a, the MFR
obtained from lattice partitions ranging from 625 to 10,000 simulations shows variability as the
number of simulations increases. Convergence can be visually ascertained when the shape of these plots
remains proportionally consistent, evident between the partitions of lattice 10,000 and lattice 14,641.
Conversely, the MFR distribution stabilizes more rapidly with LDS partitions, achieving consistency
between 1000 and 2000 simulations, as shown in Fig. 6b.

A similar parameter sweep regarding the PD from the DEM simulation outcomes is investigated
within the corresponding parameter space, as shown in Figs. 6c,d. The trend for lattice sweep
convergence is evident by examining the tails of the distributions produced by each partition shown
in Fig. 6c. However, compared to the MFR, the PD frequency distribution, particularly the tail
distribution, shows only minor variation from lattice partitions of 4096 through 10,000. This suggests
a potential convergence between these two partitions. In contrast, the PD variation resulting from the
LDS sweep, as shown in Fig. 6d, mirrors the earlier MFR variation, where significant differences are
only observed only between LDS partitions of 500 and 1000. This indicates that the LDS parameter
sweep approaches convergence more rapidly within the parameter design space.
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Figure 6: Frequency distributions of DEM simulation outcomes. (a) MFR distribution probabilities
from lattice (LAT) partitions. (b) MFR distribution probabilities from LDS partitions. (c) PD
distribution probabilities from lattice (LAT) partitions. (d) PD distribution probabilities from LDS
partitions

Above observations warrant a more precise statistical convergence check using conventional
statistical metrics. These include mean, median, standard deviation, kurtosis and skewness. The sta-
tistical convergence analysis involves observing the evolution of these statistical metrics as the number
of simulations is increased through parameter space partitioning. Fig. 7 illustrates the convergence
metrics for the MFR and PD obtained through both lattice and LDS sweeps as a function of the
number of simulations in each partition. In the case of the lattice parameter sweep, shown in Fig. 7a,
all five statistical measures describing the MFR evolve as the number of simulations increases, with
the standard deviation being notably affected. Convergence is achieved at 10,000 simulations, where
the relative difference of all five metrics falls within the 0.5% tolerance threshold. Compared to the
lattice sweep, the LDS sweep requires fewer simulations for convergence. Notably, the mean is more
influenced by the number of simulations compared to the other measures. The relative difference falls
within the 0.5% tolerance between LDS 1000 and LDS 2000 partitions, suggesting convergence at the
LDS 1000 parameter space partition. Despite that minor variations between metrics can be observed
after the LDS 2000 partition, such as the dropped standard deviation from the LDS 5000 to LDS 6000
partitions. All these variations fall within the 0.5% tolerance. This suggests that the further addition
of simulations to the converged LDS 1000 partition only contributes minor changes in parametric
causality descriptions to the design space and are not needed. Furthermore, the proximity of converged
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statistical measures resulting from the lattice and LDS sweep suggests that trajectories generated
by both lattice and LDS sweeps are informatively equivalent for capturing parametric variations of
powder flow behaviors.

Figure 7: Statistic metrics of (a) MFR and (b) PD using the lattice and LDS sweep algorithms

The statistical metrics for PD are shown in Fig. 7b. Similar to the MFR observations, all
five metrics evolve significantly throughout parameter space with fewer simulations and gradually
approach a steady state as the number of simulations increased. For the lattice sweep, the standard
deviation plays a critical role in determining convergence, with the relative difference falling within
the tolerance criteria at 10,000 simulations. In contrast, the LDS sweep demonstrates a much faster
approach to convergence, achieving stability at the LDS 1000 partition. For both powder flow
dynamics measurement of MFR and powder bed quality measurement of PD, the LDS parameter
sweep proves to be ten times more efficient, requiring only 1000 simulations compared to the 10,000
simulations needed for the lattice sweep. Consequently, the converged partitions of LDS 1000 is used
for further regression analysis and generation of processing maps.

The investigated design space is further illustrated in the parallel plots in Fig. 8. Here, the
MFR and PD values are normalized for comparability among parametric distributions. Fig. 8a,b
illustrates the causal distribution of MFR from the converged lattice 10,000 partition and LDS 1000
partition, respectively. It can be observed that lattice parametric distribution resulted in a relatively
large uninvestigated parameter space compared to LDS algorithm. LDS 1000 partition exhibits a
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more comprehensive coverage over the parameter space with ten times fewer simulations. This further
indicates the high efficiency of the LDS parameter sweep. Fig. 8c,d shows similar parallel plot for the
distribution of PD for the converged lattice 10,000 partition and LDS 1000 partitions. Here again, LDS
1000 suggested a superior coverage of parameter space compared to lattice 10,000 partition. Example
optimum processing parameters are highlighted in Fig. 8b,d. The highest values of MFR and PD are
obtained with 45 μm particles extruded using a layer thickness of 61 μm, where the recoating layer
thickness is approximately 1.4 times the particle diameter. This ratio is close to the criteria of 1.5
identified for the occurrence of particle jamming events with 45 μm particles from a prior study [14].
Moreover, low PD values are generally associated with a higher ratio of the recoating layer thickness
and particle diameter, i.e., h/d. This suggests that the inappropriate selection of layer thickness for
a given particle diameter tends to produce abnormal powder extrusion flows, which gets worse in
trajectories with higher recoating speed.

Figure 8: Parametric distributions in the converged parameter space partitions. (a) MFR distribution in
the lattice 10,000 partition. (b) MFR distribution in the LDS 1000 partition (Optimum MFR of 0.672
corresponding to the 100% of normalized MFR) (c) PD distribution in the lattice 10,000 partition.
(d) PD distribution in the LDS 1000 partition (Optimum PD of 0.744 corresponding to the 100% of
normalized PD)

3.3 Multilayer Perceptron Parametric Interpolation
It is evident that the converged LDS 1000 partition can adequately explain the parametric causal-

ities in the design space with a significantly reduced number of simulations. However, applications
like processing maps need parameter combinations which are not among the 1000 combinations.
Therefore, we use the DEM simulation outcomes obtained from the LDS 1000 in combination with
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a MLP regression model to interpolate for the desired combinations. This approach is more efficient
than simulating all needed combinations for the processing maps.

The generic structure of the MLP model used in the study is described in Section 2.3. The same
approach is used for both MFR and PD with different number of hidden neurons. We first examine
the MLP accuracy for interpolating the MFR values by varying the hyperparameters. Fig. 9a shows
the accuracy as a function of the number of hidden neurons. As the number of applied hidden
neurons increased, the MLP interpolation performance was improved with accuracies converging at
25 neurons. Fig. 9b offers a close look at the distribution of values of MFR from DEM simulations
compared to values obtained from MLP-interpolation. In the theoretical case of interpolation with
100% accuracy, the data point containing the actual value and the interpolated value would fall on
the 45° quadrant splitting line. The narrow width of the distribution band suggests small deviation
between the simulations and corresponding interpolated values. Furthermore, the slope of 0.9987
and the small intercept from linear regression analysis confirm high interpolation performance. The
proximity between each pair of actual MFR and corresponding interpolated MFR values is shown in
Fig. 10a.

Figure 9: MLP interpolation using converged LDS 1000 partition. (a) MLP interpolation accuracies
with varied numbers of hidden neurons. (b) Regression analysis of the MFR values from DEM models
to the MFR values from MLP interpolation. (c) PD interpolation accuracies with varied numbers of
hidden neurons. (d) Regression analysis of the PD values from DEM models to the PD values from
MLP interpolation
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Similar trend is observed for PD. The MLP interpolation accuracies with varied numbers of
hidden neurons towards PD are shown in Fig. 9c. Overall, all examined MLPs produce high interpo-
lation accuracies of over 99%. Fig. 9d shows the distribution of the actual PD and the corresponding
interpolated PD resulting from the LDS 1000 partition. It can be observed that the interpolated values
are close to the actual values resulting in the distribution close to the quadrant splitting line, with a
slope of 0.9998 and intercept of 0.0002. Fig. 10b compares the MLP interpolation with actual values.
We now use the MLP model with the interpolated causalities to generate the processing maps.

Figure 10: MLP interpolation result distribution. (a) Proximate distribution between the MFR values
from DEM simulations and MFR values from MLP interpolation. (b) Proximate distribution between
the PD values from DEM simulations and PD values from MLP interpolation

3.4 Processing Design Map and Parametric Sensitivity
In the 4-dimensional design space, two parameters, inter-particle friction are related to powder

properties primarily associated with powder quality. In contrast, the relocating speed and layer
thickness are machine parameters that can be easily adjusted for specific building tasks. Therefore,
to visualize the four-dimensional parameter map in detail, we first reduce the dimensionality of the
parameter space by constraining the optimum parameters related to powder properties and produce
the processing map for recoating parameters. These constraint values are selected based on the
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optimum values from the LDS parallel plots allowing the highest quality powder processing, referring
to the highlighted lines in Fig. 8b,d. The processing map in Fig. 11 illustrates MFR and PD variations
across different recoating speeds and layer thicknesses, considering an inter-particle friction of 0.45 and
a particle diameter of 45 μm. Each recoating speed band contains trajectories simulated with varied
recoating layer thicknesses, and vice versa. Higher recoating speeds generally reduce MFR. This is due
to the recoater altering the powder bed’s kinematics, forming a force arch ahead of it and increasing
particle movement during brief interaction with the recoater [53]. This leads to a fewer number of
particles passing through the gap in a given time frame, consequently decreasing the MFR. A similar
observation was experimentally noted by Chen et al. [46]. Furthermore, the increase in layer thickness
causes the trajectories to shift towards the lower range of MFR.

Figure 11: Process design map with varied recoating speeds and layer thicknesses for powder with
interparticle friction of 0.45 and diameter of 45 μm

It can also be observed from Fig. 11 that increasing the recoating speed shifts bands towards the
lower range of PD along with the lower MFR values. This suggests the correlation between MFR
and PD where a trajectory with higher spreadability tends to produce a higher quality powder bed.
Such observation is consistent with the existing knowledge from previous studies [45]. Therefore, the
upper region of the map, which contain high MFR and PD values, and the corresponding process
variables are preferred for achieving high-quality builds. The combinations of 45 μm particles recoated
with a layer thickness of 57 μm under 6.1 mm/s represents one such combination that leads to
improved spreadability and packing of powder. On the other hand, powder trajectories resulting from
unfavorable recoating parameter combinations are deemed less desirable in process design, warranting
caution. Some trajectories exhibit abnormal extrusion behavior, with PDs approaching zero, due
to the poor selection of recoating parameters. In practical processing design, if a building task is
constrained by machine capabilities and speed requirements, preventing the use of optimal powder
processing parameters for high quality, designers can navigate the processing map along the recoating
bands to find feasible parameters that meet the building requirements. For example, when time is a
concern and higher printing speed is desired, one can adjust the recoating thickness to an acceptable
value, considering all estimated potential losses in processing quality based on the h-v processing map,
without the need for physical trials.
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Next, we examine the processing map for powder selections. Compared to the machine parameters,
the powder properties impact the processing quality to a lesser extent. Specifically, the contour lines
for trajectories varied by interparticle frictions fall near each other within a narrow band. To illustrate
clearly, we choose the maximum and minimum interparticle friction to represent the upper and
lower boundaries of this band, depicted in Fig. 12a. It can be observed that powders with higher
friction coefficient can produce higher quality processing trajectories. This is potentially caused by
the increased particle interlocking [54], which is further translated into a higher quality powder
processing. This map provides insights for powder selections among different categories of powders
with various surface morphologies. Subsequently, we produce the powder selection map with various
particle diameters, as shown in Fig. 12b. The increase in particle diameters significantly improves the
powder processing quality. Due to the minor influence of the interparticle friction, trajectories with
the same diameter but varied interparticle frictions fall into small clusters, as demonstrated by the
clusters of 36 and 42 μm particles. The distinct cluster shapes suggests the minor influence from the
interparticle friction. Furthermore, it can be noted that the location of each cluster is highly dependent
on the particle diameter. This indicates that the particle size is more dominant in determining the global
shape of the powder selection map and the powder processing quality while the interparticle friction is
less vital. This helps prioritize of powder selection for machine parameter constrained building tasks.
One can select an appropriate powder size first and then navigate through the processing map locally
for a coupled interparticle friction for a desired build quality.

Figure 12: Process design maps. (a) Process map with interparticle friction of 0.15 and 0.45 with varied
particle diameters for 57 μm layer thickness under 6.1 mm/s speed. (b) Powder selection map with
varied interparticle frictions for 57 μm layer thickness under 6.1 mm/s speed

By comparing the overall width of band shifts induced by independent parametric variations, the
sensitivity of each parameter on powder processing is revealed. The largest shift for the recoating speed
suggests its highest parametric influence, followed by the recoating layer thickness, particle size, and
interparticle friction. This ranking allows a designer to navigate the high-dimensional parameter space
efficiently for a reliable process design.

Overall, the results suggest that using DEM computational modeling combined with the LDS
parameter sweep and MLP interpolation models is an effective strategy for analyzing parametric
relationships in PBF processes and creating informative process design maps. Typical parametric
analysis studies use lattice sweep method, where the dimension and the scope of parameter design space
are often constrained [55,56]. Due to the high computational cost, large-scale parametric analysis,
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as presented in this work, has been underutilized. By employing LDS parameter sweeps, we can
significantly reduce the number of parametric combinations required to comprehensively explore
the parameter space. This approach effectively mitigates the computational burden associated with
such analyses. While experimental validation has not been conducted as a part of this study, our
observations are consistent with prior experimental and modeling studies. The decrease of MFR with
increased recoating speed, closely aligns with findings from other studies on powder bed fusion (PBF)
that have been validated experimentally [46]. Despite simplifying assumptions regarding particle shape
and cohesion, our results are consist with other simulation studies which incorporate some of these
features [14]. For instance, we observed a threshold ratio of 1.4 between the gap size and the particle
diameters for powder jamming phenomenon, this is in close proximity with the identified threshold of
1.5 in [14]. This suggests that our simplifying model assumptions introduce minimal loss of accuracy,
while enabling the exploration of a large parameter space with high granularity.

Additionally, we use MLP models in combination with parameter sweeps to obtain a highly
refined parameter coverage necessary for process design maps. MLP models have following advantages
compared to other regression models. Firstly, MLP models, with their reduced complexity and
straightforward learning mechanisms, offer ease of implementation and require minimal hyperparam-
eter tuning. This is advantageous in the current application, where minimizing computational costs
associated with generating process design maps is desired. Secondly, MLP models with appropriate
activation functions within hidden neurons are capable of capturing both linearly-correlated and
nonlinearly-correlated parametric causalities [57]. This is vital because nonlinear correlations among
PBF process design parameters have been observed in previous studies [58,59]. Previous studies
primarily select parametric combinations from a design space using the lattice sweep method to extract
the correlations among processing parameters and subsequently apply them in design maps [60,61].
Using LDS based parameter sweeps could significantly improve this process.

In the PBF process, PD is associated with the manufacturing quality whereas MFR reflects the
manufacturing speed. Despite their intrinsic correlations, incorporating both metrics in creating the
process design maps enables evaluating tradeoffs between speed and quality. For instance, Fig. 11
suggests that increasing the recoating speed from 6.1 to 8.3 m/s results in 3%–4% loss in MFR
(horizontal drift) whereas 1%–10% loss in PD (vertical drift), with a consistent setups of recoating
lager thickness. This is more apparent for higher recoating velocities. When time is a concern and
higher printing speed is desired, one can adjust the recoating thickness to an acceptable value based
on the h-v processing map. Therefore, creating 2D process design maps that incorporate manufacturing
quality and speed offers process designers a more comprehensive view, compared to focusing on either
quality or speed alone.

4 Conclusions

In this study, we propose a highly efficient parametric analysis approach for powder processing
in PBF additive manufacturing. Using DEM models, we simulated powder processing by paramet-
rically varying inter-particle friction, particle size, recoating layer thickness, and recoating speed. We
examined two parameter sweep algorithms: lattice sweep and LDS parameter sweep. Our results show
that the LDS sweep is ten times more efficient than the lattice sweep, offering better exploration and
coverage of the process design space. We then analyzed the causal relationships between processing
parameters and the resulting powder flow and packing behaviors during extrusion. Furthermore,
we used MLP as an interpolation tool to establish these parametric causalities from the converged
LDS parameter partition. All interpolations achieved over 99% accuracy, demonstrating their high
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quality. Finally, using the MLP constructed from the LDS partition, we produced processing maps
which reveal parametric causalities and sensitivities. We found that recoating speed has the highest
impact on powder processing quality, followed by recoating layer thickness, particle size, and inter-
particle friction. The process design maps can be used for machine parameter and powder selections
to improve the process quality. This approach of combining efficient parameter sweep algorithms
with machine learning-based regression models can be extended to other applications. To handle
the extensive parameter space in the DEM model, simplifying assumptions about particle shape
and cohesion were made to reduce computational costs. While these assumptions are expected to
minimally impact broader trends, including additional features in future DEM simulations could
further enhance the precision of our parametric analysis. Furthermore, the process design maps are
configured based on the parametric causalities disclosed only by computational modeling. Future
studies incorporating experimental parametric analysis will further validate and impart practical value
to the process design maps.
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