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ARTICLE INFO ABSTRACT
Keywords: Laser beam shaping significantly influences solidification microstructure evolution in directed energy deposition
Laser beam shaping (DED-LB), with distinct effects on grain morphology and crystallographic texture. To enable quantitative pre-

Grain morphology control
Solidification microstructure
Process-structure relationships
Metal additive manufacturing
Microstructure prediction

diction and mechanistic understanding of these beam shaping effects on solidification microstructure evolution
in both welding and metal additive manufacturing, an optimized thermal-fluid — microstructure coupling
framework was developed. The integrated model incorporates novel features, including spatiotemporal opti-
mization, efficient thermal-to-microstructural data interpolation (158x faster), CPU-parallelized grain growth
algorithms (3.17x speedup), and adaptive time-step size calculation. Single-track experiments and corresponding
simulations were performed for both laser-induced melting and laser-based directed energy deposition (DED-LB)
using uniform circular and uniform square laser beam intensity profiles. The resulting crystallographic texture
and grain morphology were quantitatively characterized through cross-sectional analysis, pole figures, and
statistical distributions. Excellent agreement was achieved between experiments and simulations, with texture
index deviations below 10.8% and accurate reproduction of grain size distributions demonstrating the model's
fidelity. For the chosen process parameters, the two beam shapes have measurable but limited influence on
texture development, with variations ranging from —5.3% to +5.1%. However, beam shape had a much stronger
impact on grain morphology than on texture: circular beams refined the bulk grain-area and aspect-ratio dis-
tributions relative to square beams, while square beams yielded smaller mean grain areas, highlighting the need
for distribution-level metrics beyond simple averages. By linking these morphological trends to beam-shape-
dependent variations, the presented framework serves as a predictive tool for microstructure-aware process
optimization in laser-based additive manufacturing.
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comprising both the particle-carrier gas and the shielding gas to pre-
vent oxidation.
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specific optimization strategies [22,23]. DED employs directed powder
nozzles creating material addition with deep non-flat melt pools and
strong substrate coupling through significant conduction, whereas
PBF-LB/M uses pre-spread powder beds producing shallow melt pools
with layer-by-layer remelting and minimal substrate interaction [24,
25]. DED-LB's higher deposition rates, larger beam spots, and lower
cooling rates result in coarser microstructures and higher dilution, while
PBF-LB/M achieves finer microstructures through rapid cooling and
precise layer control [23]. Literature on PBF-LB/M beam shaping cannot
be directly transferred to DED-LB due to these differences in melt pool
dynamics, thermal gradients, and material delivery, making specific
beam shaping studies essential for DED-LB [25-28].

Recent laser-based material processing studies have demonstrated
the critical influence of thermal conditions on solidification micro-
structure. Xie et al. showed that laser cladding versus vacuum cladding
of high-entropy alloy coatings produces distinct dendritic structures
through variations in thermal gradient and cooling rate [29,30], while
laser power modulation directly controls crystallinity and
grain-boundary defect density [31]. Similarly, laser surface treatment
investigations revealed that processing parameters significantly affect
microstructure transformation and mechanical properties, with
different baseline structures responding distinctly to identical laser
conditions  [32]. These thermal processing effects on
microstructure-property relationships extend to other controlled cooling
regimes, such as cryogenic treatments that enhance grain refinement
and mechanical performance [33]. These findings confirm that
thermal-fluid dynamics fundamentally govern grain morphology and
texture—principles directly applicable to beam shaping strategies in
DED-LB.

Controlling solidification microstructure through laser beam shaping
represents a promising yet incompletely understood strategy for
tailoring grain morphology and mechanical isotropy in metal additive
manufacturing. Progress in this area is hindered by the lack of quanti-
tative, beam-shape-resolved G and R maps and their direct linkage to
grain morphology and texture in DED-LB, as well as by the high
computational cost associated with full-track CA-coupled predictions
under realistic thermal-fluid conditions. Laser beam shaping—deliber-
ate modifications to the spatial intensity profile of the laser
beam—offers advanced control over localized heat distribution without
altering overall process parameters [34,35]. Recent experimental
studies have demonstrated that non-Gaussian beam profiles such as
square, annular, and elliptical shapes can significantly alter grain
structure outcomes [1,16,18,36]; however, quantitative mechanistic
understanding of how beam profile variations influence solidification
parameters (temperature gradient G, solidification rate R, and their
dimensionless ratios governing grain morphology) remains limited in
the literature, particularly for directed energy deposition processes. This
knowledge gap motivated the present investigation. Laser beam shaping
alters melt pool geometry and solidification dynamics by redistributing
the input laser energy. The majority of existing grain structure models
for DED-LB or laser welding processes assume a conventional Gaussian
or circular laser intensity profile [28,37]. Only recently researchers have
started to investigate how altering the beam profile influences the pre-
dicted microstructure. For example, Shi et al. [18] demonstrated that
transverse elliptical beams widen the melt pool and increase the
undercooled volume, enhancing equiaxed grain nucleation. In our pre-
vious work, we [1] confirmed via thermal-fluid simulations that
compared to uniform circular beam profiles, beams with a uniform
square intensity profile generate a larger melt pool with flatter tem-
perature gradients and more uniform fluid flow convection patterns.
Consistent with these predictions, Bremer et al. [16] found that square
beam profiles significantly increase the equiaxed grain fraction,
compared to circular beams, in experimental DED builds. Further,
Vidergar et al. [36] found that when comparing uniform circular,
Gaussian, and annular profiles that annular beams deliver energy more
evenly across the melt pool, reducing porosity and stabilizing grain
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structure.

The accurate prediction of solidification microstructure in AM faces
several inherent challenges due to the complexity of the thermophysical
phenomena and extreme processing conditions. Among the most widely
used approaches to simulation microstructure formation, the Cellular
Automata (CA) method [38], often coupled with Finite Element (FE) or
Finite Volume (FV) methods to simulate the thermal-fluid phenomena,
strikes a balance between computational efficiency and physical fidelity
[4,11,39,40]. The combined modeling approach leverages the strengths
of each method: the thermal-fluid model addresses process physics with
high accuracy, while the CA model efficiently predicts microstructural
features such as grain size, morphology, and crystallographic texture [3,
5,11,17,18,20,21,41-45]. Conventional CA models coupled with FE or
analytical thermal models often neglect complex melt pool phenomena
such as Marangoni convection, keyholing, and surface instabilities,
which significantly affect local thermal profiles and therefore grain
morphology [14]. Rolchigo et al. [46] highlighted the impact of mesh
and time-step size on grain selection accuracy. Fine resolution is
essential for capturing grain competition in high-gradient regions.
Therefore, multi-scale frameworks combining CA with thermal-fluid
models have been proposed to overcome these limitations, but at the
expense of dramatically increased computational cost [13,20]. Thus,
while CA-based models have proven essential for microstructure pre-
diction in AM, continuous refinement in computational efficiency re-
mains crucial to achieving predictive reliability.

This investigation pursues three interconnected objectives: (1)
Quantify and mechanistically explain the effects of laser beam intensity
profile (specifically, uniform circular vs. square profiles) on solidifica-
tion grain morphology, crystallographic texture, and key thermal pa-
rameters (G/R, G-R) during directed energy deposition, thereby
establishing fundamental design guidelines for beam shaping optimi-
zation. (2) Develop a computationally optimized thermal-fluid-
—microstructure coupling framework incorporating novel algorithms
for CPU parallelization of grain growth calculations, spatiotemporal
optimization of thermal-to-microstructure property interpolation
reducing memory requirements, while maintaining numerical accuracy,
fast trilinear interpolation schemes for efficient data transfer between
non-conforming meshes, and adaptive time-stepping to enable tractable
high-resolution grain-scale prediction. (3) Validate the framework
through quantitative comparison with electron backscatter diffraction
measurements, pole figure analysis, and grain morphology statistics for
single-track laser melting and directed energy deposition using uniform
circular and square laser beam intensity profiles, establishing the model
as a reliable tool for predictive exploration of beam shaping strategies in
metal AM.

2. Models

Microstructure modeling heavily relies on accurately approximating
the laser-induced spatiotemporal thermal profile during the DED-LB
process. Achieving an adequate level of accuracy in predicting the
thermal profile evolution, to be used in a microstructure model, is
challenging when using thermal models that neglect the dynamics of
molten metal flow [1,47]. In our work [1], we developed an enhanced
thermal-fluid model requiring no tuning parameters that allows for the
prediction of spatial and temporal thermal profiles induced by the
absorbed laser energy with a level of accuracy required for micro-
structure modeling. In the following, this thermal-fluid model is briefly
introduced and summarized. Subsequently, the thermal-fluid model is
coupled with a numerical solidification microstructure CA model, which
introduces novel approaches to expedite grain nucleation and growth
computations.

2.1. Thermal-fluid model

Mathematically, the three-dimensional spatiotemporal temperature
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distribution, as well as the melt pool dynamics, during a single-track
DED-LB process of 316L austenitic stainless steel, are described by
three conservation equations (of mass, momentum, and energy), as well
as by the free surface advection equation, as described in our earlier
work [1]. The coupled equations were numerically solved using the
discrete element method (DEM), finite volume method (FVM), and
volume of fluid (VoF) technique [1]. The thermal-fluid model includes
an enhanced optical attenuation model to account for the “shadowing”
effects of powder particles traveling through the laser beam towards the
laser-induced melt pool, on the power and energy density distribution of
the laser beam in the focal plane. Further, the model considers the
temperature and incident angle dependent laser energy absorption, as
well as the temperature and alloy element composition dependent sur-
face tension. Next, this model was used to investigate the effect of the
laser beam intensity profiles (circular, ring (annular), and square, all
with uniform intensity profiles) on the spatiotemporal temperature
distribution of the laser-material interaction zone during DED-LB of
austenitic stainless steel (AISI 316L). Experimental validation was per-
formed by measuring deposited track dimensions for three different
laser beam shapes in the laser focal spot.

In the model, the thermal-fluid profile in the laser-induced melt pool
is characterized by nodal coordinates, X(ny), temperature, T(ng, 7s),
fluid fraction, M(ny, 7 ), hereafter referred to as metal fraction, and the
calculation time, t(zy), where ng and 7y, denote the node number and
thermal time-step, respectively. The metal fraction M represents the
volume ratio of the unit volume occupied by metal to the total unit
volume, including gas. A metal fraction value of zero signifies that the
unit volume contains gas only, while a value of one indicates that the
unit volume is fully occupied by metal. A value between zero and one
suggests that the unit volume is located at the gas-metal interface (the
free surface) [1]. In the model, nodes are considered to be the central
point of thermal unit volumes. The location of the nodes is determined

Journal of Materials Research and Technology 41 (2026) 7168-7194

by three fixed Cartesian coordinates, represented as X(ns).

The thermal-fluid model was previously validated against experi-
mental melt pool dimensions and DED-LB track heights in Ref. [1]. As
shown in Fig. 2, for laser melting, predicted melt pool widths and depths
showed deviations of 4.3%, 0.9% (circular beam) and 4.0%, 3.2%
(square beam) from measurements. For DED-LB, predicted melt pool
depths, widths, and track heights showed deviations of 7.7%, 0.8%,
1.6% (circular beam) and 8.4%, 4.1%, 1.6% (square beam). These re-
sults accurately captured the trend of shallower, wider melt pools and
comparable track heights for square beams versus narrower, deeper
pools for circular beams, as described in Ref. [1].

2.2. Microstructure model

The use of an explicit Cellular Automata (CA) microstructure
modeling methodology facilitates a comprehensive evaluation of the
effect of laser beam intensity profile on microstructure evolution and
material characteristics during solidification in DED-LB [46]. Consid-
ering that the main focus of the present study is on the crystallographic
texture and grain analysis resulting from variations in the laser beam
intensity profile, the CA methodology is the most suitable approach to
study microstructure information at the grain scale, particularly the
meso-scale [11]. This choice reduces computational requirements
significantly relative to simulations at the dendrite-arm scale, allowing
for the simulation of millions of grains in the domain of interest [2].
Moreover, at the meso-scale level, sub-grain data is disregarded, and it is
assumed that the grain growth velocity equals the dendritic tip velocity
[48]. Thus, the CA model can effectively capture the dynamic interplay
among nucleation, growth, and solidification of individual grains,
facilitating the investigation of the underlying mechanisms driving
microstructure development [21].

Height: 581 + 11 pm
+13 W
Width: 1508 + 52'um

200 (um)

Cc

Height: 597 £ 5 um
Depth: 639 * 10 un
Width: 1576 + 45'um

; 200 (um)
d

Fig. 2. Comparison between experimental (left) and numerical (right) transverse cross-sections of laser-melted tracks induced by (a) circular and (b) square-shaped
intensity profiles at 700 W laser power and 20 mm s~ ' scanning speed, and experimental and numerical cross-sections of single tracks generated by DED-LB with
uniform (c) circular and (d) square intensity profiles, respectively, at 600 W laser power, 5 mm s~ ! scanning speed, and 2.5 g min~! powder feed rate. The laser spot
shapes are shown beside the simulated melt pools. The white dashed curve represents the averaged height profile from multiple experimental cross-sections. All

subfigures are adapted from Ref. [1].
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2.2.1. Computational domain

The CA domain is discretized into uniformly spaced hexahedral unit
volumes, referred to as cells in the following. Each cell is assigned a set
of parameters, and the evolution of these parameters governs the
resulting microstructure. These cell parameters encompass:

center coordinates: X(nca),

temperature: T(nca,7ca),

metal fraction: M(nca,7ca),

state (gas, liquid, growing, or solid): I;(nca,7ca),

grain index: Ig(nca,7ca),

octahedron orientation as the grain crystallographic orientation:
Og(nca,tca),

center coordinates of the growing octahedron: Xg(nca,zca), and

e octahedron size: Ly(nca,7ca)-

Here, ncsy and 7¢s4 indicate the cell number and CA time-step,
respectively. In the present CA model, a first-order Moore neighbor-
hood is considered, which implies that each cell is surrounded by 26
neighboring cells [13,39]. Additionally, a fixed CA boundary condition
is applied, implying that cells located on the boundary surfaces of the
computational domain do not have any neighboring cells at their outer
side(s) [38].

Fig. 3 shows a schematic of the CA computational domain. During
the DED-LB process, the microstructure of the deposited layer(s) is
formed upon the pre-existing microstructure of the substrate [11,17]. As
an efficient approach in this study, in order to generate—i.e., to com-
pute—the microstructure of the substrate, cells corresponding to the
substrate are first identified based on the interpolated initial metal
fraction of the thermal profile on the CA profile. The substrate is char-
acterized as a region initially comprising solid metal cells, expressed as

Nca € substrate | I(nca, Tca = o = 1) = solid state & M(nca, tca =t =1)
> M.
(€H)

Here, M, denotes the critical metal fraction, set at 0.5 in this study;
cells with M > M,, are treated as metal-filled, and those with M < M., as
gas. M., is a purely geometric threshold for binarizing the CA domain by
mimicking the thermal free surface and does not influence grain growth
physics. Next, the CA model is initially applied to the cells in the sub-
strate to generate the microstructure of the substrate prior to laser
processing. To do this, the initial temperature of the cells in the substrate
is set to the liquidus temperature T;, inducing a transition into a liquid
state for these cells. Subsequently, the cells in the substrate are allowed
to uniformly cool down until the cells reach a solid state. To mimic the
actual microstructure of a substrate, nucleation-related parameters,
specifically nucleation density and undercooling, are adjusted such that
the average numerical grain size of the microstructure equals the

Deposited clad Gas zone

\F"Sio;zm,e\,
=
Substrate

Fig. 3. Schematic representation of the Cellular Automata (CA) computational
domain, consisting of cells in the substrate and fusion zone, but excluding cells
in the gas zone. The cells in the fusion zone transition from a gas or solid state to
a liquid state. Subsequently, these cells transition to a growing state and
eventually into a solid state during the solidification of the material deposited.
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average experimentally determined grain size in the (bulk of the)
substrate.

The size of the CA computational domain follows from the domain
size used in the thermal-fluid model and simulations. A sufficiently large
CA domain is crucial to adequately capture the partial melting of grains
in the substrate and facilitate the ongoing growth of grains. In the pre-
sent study, a new algorithmic approach is used to determine and
consider the minimum number of cells required for a sufficiently large
CA domain. In the fusion zone, material undergoes a transition from an
initial gas or solid state to a liquid state, followed by a growing state, and
ultimately a solid state. Therefore, nodes in the fusion zone are in a
liquid metal state at least once during the deposition process. The
combination of nodes in the substrate and fusion zone assembles the
point cloud of nodes, enclosing the largest required thermal domain size
for the CA simulations. Subsequently, a so-called alpha shape [49,50],
known for handling non-convex regions and potentially non-uniform
thermal node distributions, is generated around the nodes located in
the cloud. The cells located on or in this alpha shape (corresponding to
the fusion zone in Fig. 3) constitute the CA computational domain, while
the remaining cells consistently maintain a gas state and are thus logi-
cally excluded from the CA profile.

2.2.2. Coupling of thermal and microstructure profiles

In this study, a one-way weakly coupling scheme that maps the
thermal field to the CA grid is utilized to reduce computational costs. In
this approach, the simulation results from the thermal-fluid model serve
as input for the microstructure model [44]. To that end, temperature and
metal fraction values are interpolated into the CA grid. In this study, a
computationally optimized interpolation method is proposed to increase
the computational efficiency of the latter interpolation, which comprises
the following sequential steps:

a) A Delaunay triangulation [51] instance is created from the thermal
nodes, facilitating efficient queries on the thermal data.

b) For each cell in the CA model, the indices of the four nodes belonging
to the tetrahedron enclosing the cell, as well as the Barycentric co-
ordinates of the cell with respect to its enclosing nodal tetrahedron,
are once determined and stored. Using the cell's Barycentric co-
ordinates, r = (r1,r2,r3,74), and the property values at the nodes, p =
(p1,P2.P3,P4), the temperature and metal fraction values at each cell
are interpolated from the enclosing four nodes using [52],

DPeelt =TP = I'P1 + T'2P2 + I'3Ps + T4Ps. 2

c) Once the CA time instance falls between two consecutive thermal
time-steps, 7,5, and 74 + 1, the temperature and metal fraction values
are interpolated from the thermal profile to the CA profile at the two
thermal time-steps, resulting in T(nca,z4), M(nca,7m), T(nca,tm + 1),
and M(nca, s + 1).

d) The time ratio, denoted by «;, is calculated as the fraction of time
between the two thermal time-steps that has been covered by the
current CA time. That is,

t(TCA) — t(Tth)

Ttlrn+ 1) — tlta) 3

t

—

e) Next, Nt; = 1 — a;, and Nt, = a; are calculated, which are the time
fraction functions for CA time between thermal time-steps. There-
fore, when Nt; = 1, and Nt, = 0, the CA time-step is equal to 7.
Conversely, when Nt; =1, and Nt; = 0, the CA time-step is equal to
T+ 1.

To determine the temperature and metal fraction values at the cur-
rent CA time between the two thermal time-steps (74 and 75, + 1), a
linear interpolation is employed, which is described by
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:T(nCAyTth) 'Ntl +T(nCA,Tth+1)'Nt2, (4)

T(nca,7ca)

:M(HCA7T[h)'Nt1 +M(HCA,TL}1+1)'Nt2. (5)

Employing the above optimized interpolation technique, the prop-
erties of cells at the thermal time-steps, 74 and 7, + 1, are interpolated
only once when the CA time falls within this interval. Then, as the CA
time progresses within this thermal time interval, the properties are
updated using a fast linear interpolation at the current CA time. This
interpolation approach significantly reduces the computational cost
compared to the direct thermal-to-CA property interpolation at every CA
time-step, as shown by the dashed line in Fig. 4.

Once defining the CA domain, and the thermal-to-CA property
interpolating the temperature and metal fraction at each CA time-step,
grain nucleation and growth are tracked as detailed in the following
subsections.

M(nca,tca)

2.2.3. Grain nucleation

In the CA model, grain nucleation is based on a heterogeneous
nucleation model, wherein the local undercooling of liquid cells is
considered at the scale of dendrite arms [2,38]. This assumption reflects
the dominance of interface-assisted nucleation in metal AM, where rapid
solidification and limited time for bulk undercooling strongly favor
nucleation at pre-existing interfaces [15,53]. Initially, a set of ny cells in
the CA domain are randomly selected as potential nucleation sites [2,38,
53]. And ny is calculated as,

ny =Ny-Vea, (6)
where V¢, is the volume of the CA domain, and Ny is the nucleation
density. Next, a critical undercooling, AT, is assigned to each potential
nucleation site. The cell's undercooling, AT, is defined as the difference
between the liquidus temperature and the current temperature of the
cell, i.e., AT = T;— T. Critical undercooling is computed based on a
normal distribution with a mean undercooling, ATy, and a standard
deviation undercooling, AT,. In cases where multiple critical under-
coolings are assigned to a single site, the smaller value of the under-
cooling is selected [2,38]. It should be noted that a negative critical
undercooling value indicates that nucleation occurs at a temperature
higher than the liquidus temperature. To prevent this unphysical situ-
ation, as a physically consistent implementation in the present study,
any negative critical undercooling value, AT, sampled from the normal
distribution is rejected and replaced by resampling from the same dis-
tribution until a positive value is obtained, thereby enforcing physical
constraints while preserving the target mean and variance.

When the current undercooling, AT, of a potential nucleation site in a
liquid metal state surpasses its critical undercooling, AT, that site is
labeled as an actual nucleation site or nucleus. Subsequently, the state of
the cell is changed to the growing state, and a unique grain index is
assigned to the cell [38]. Moreover, a regular octahedron is created, and
its center coordinates are set to match those of the cell. The initial oc-
tahedron size at the nucleation instance is considered zero. The spatial
orientation of this octahedron, as the crystallographic orientation, is
determined based on three random Euler angles as a representation of
the Fm3m crystallographic symmetry [2,54]. The six half-diagonals of
the octahedron represent the <001> primary dendritic growth di-
rections of the grain, while the octahedron is bounded by {111} planes
[21,38,54]. Therefore, the CA model, employing octahedrons to repre-
sent dendritic growth, is suitable for simulating the solidification of
metals with face-centered-cubic (FCC) and body-centered-cubic (BCC)
crystal structures, given that their preferential growth direction is <
001> [2,21,54]. The material studied in this work is AISI 316L
austenitic stainless steel, which features an FCC crystal structure.
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Fig. 4. Schematic representation of the proposed fast thermal-to-CA property
interpolation method. First, the quantities T (temperature) and M (fluid frac-
tion) are interpolated from the thermal (green) to the CA grid (purple) at the
beginning of two sequential thermal time-steps (zy, and 7,4 + 1), respectively.
Next, a linear interpolation is conducted for each CA time within this interval
for the properties, resulting in significantly faster interpolation compared to the
direct interpolation (dashed line) of properties from the thermal profile at each
CA time.

2.2.4. Grain growth

The growth of the assigned octahedron in a growing cell is modeled
by extending half-diagonals based on the dendrite tip velocity, vy, [38].
This velocity, assumed as the grain growth velocity, is computed using a
physically-based analytical model for dendrite kinetics [11], explained
in more detail in Section 2.2.4.2. The dendrite tip velocity, v, is
updated at each CA time-step, based on the current undercooling at the
center of the growing cells [40]. Assuming Ax as the cell size and Atc4 as
the current CA time-step size, the size of the octahedron, Lg, is defined as
the normal distance from the octahedron center to one of its faces and is
computed from the previous size, Lgld, as [2,54]1,

VﬁP'AtCA
V3

A rotation matrix, Rzxz, is employed according to the grain crystal-
lographic orientation to determine the coordinates of the vertices of the
corresponding octahedron for each growing cell. The rotation sequence
follows the ZXZ pattern, which is also known as the Bunge convention
[55]. To compute the rotation matrix Rzyz, Euler angles (¢,, ¢, ¢,) are
used, where ¢,, ¢, € [0, 27] are the rotations around the Z-axis, and ¢ €
[0, #] is the rotation around the X-axis [55]. This matrix is a product of
three individual rotation matrices, Rz,,, Rx4, and Rz,, [55], and is
defined as

Ly=L"+ ™

cos(py) —sin(p;) 0] [1 0 0
Rzxz =Rz, Rx4Rz,, = | sin(p;) COS((/]l) 0| [0 cos(¢p) —sin(¢p)
0 1|0 sin(¢) cos(p)
cos(p,) —sin(p,) O
sin(p,)  cos 402 0
0 1

®

Accordingly, the coordinates of the octahedron vertices assigned to each
growing cell follow from

OV=/3-L- (Rpz x OV,i")" + OC, ©
where OV is a 6 x 3 matrix containing the new coordinates of the six
octahedron vertices, and OC is a 6 x 3 coordinates matrix compatible
with the cross operator. The latter comprises the repeated center co-
ordinates of the corresponding grain, which is denoted as X;. The matrix
OV, contains the coordinates of the vertices of a unit octahedron,
given by,
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OV = (10)

= O O O ©

-1

Of each growing cell, the centers of neighboring undercooled liquid
metal cells are examined to determine whether the neighboring cell is
“captured” by the growing octahedron of the growing cell [54]. When
the octahedron of the growing cell captures the center of a neighboring
undercooled liquid metal cell, the state of the captured cell is reassigned
from a liquid state to a growing state. Subsequently, the captured cell is
assigned the same grain index as the capturing cell, and a new octahe-
dron is defined in the captured cell, preserving the same crystallographic
orientation as the capturing cell [54]. However, the center coordinates
and size of this new octahedron are determined using the “decentered
octahedron algorithm” [54], as explained in more detail in Section
2.2.4.2. When multiple octahedrons capture the same cell, one of these
octahedrons triggers the formation of a larger octahedron within the
captured cell. In this case, the characteristics of the cell associated with
this capturing octahedron are subsequently assigned to the captured
cell. When the state of all neighboring cells of a growing cell is either a
solid or growing state, the state of the growing cell transitions to a solid
state, signifying the completion of the growth process of the cell.

When the temperature of a solid or growing cell surpasses the lig-
uidus temperature, the cell undergoes a transition to the liquid state,
resetting its microstructure data (no grain index, no octahedron center,
length, and crystallographic orientation) [17,20]. Also, in this case, the
state of the solid cells in the neighborhood of the liquid cell changes
from a solid to a growing state, forming a layer of growing cells between
the solid and liquid cells [13,56]. In addition to excluding the always
remaining gas cells from the CA domain, during DED-LB, certain liquid
or solid cells may be subject to evaporation or free surface movement,
leading to the condition that the metal fraction of the cell is smaller than
the critical metal fraction—i.e., M(nca,7ca) < M. In the latter case, as
an efficient implementation in the present research, the state of the cells
undergoes a change to the gas state, accompanied by a reset of their
microstructure data. In addition, at each CA time-step, the grain
nucleation and growth conditions are applied only if at least one liquid
or growing metal cell exists. Otherwise, the current CA time-step is
disregarded, and the CA simulation progresses to the subsequent CA
time-step. This approach assures that only relevant cells are examined,
thereby increasing the computational efficiency of the simulation.

2.2.4.1. Dendrite growth kinetics. In the early 1980s, the need to predict
microstructure evolution during rapid solidification drove the devel-
opment of analytical models for free dendritic growth. These models
were formulated to provide a more accurate description of the growth of
dendrites in undercooled melts and to calculate the dendrite tip radius
and velocity as a function of the undercooling components. Among the
most well-known analytical models [57-59], the
Boettinger-Coriell-Trivedi (BCT) model [57] was the first effort to
accurately address non-equilibrium solute partitioning at the
solid-liquid interface in a free dendritic growth model [58]. While using
the Aziz solute trapping model [60] and the Trivedi-Kurz stability cri-
terion [61], it adheres to the thermodynamic requirement that the
compositions at the solid-liquid interface fall within a range that gen-
erates a positive interfacial driving force. Moreover, the BCT model
satisfies the kinetic requirement that the interface migrates at a rate
proportional to the attachment rate of atoms to the growing solid, which
may be proportional to the interfacial driving force at relatively low
undercooling. By incorporating the interfacial driving force, the BCT
model correctly defines total undercooling, incorporating four
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undercooling components, namely thermal (ATr), compositional (AT¢),
curvature (ATg), and kinetic (ATx) undercoolings [58].

To calculate the dendrite tip velocity that serves as the grain growth
velocity in the CA model, the BCT model [57] is used in the present
study. The total undercooling of the melt can be expressed as,

AH;
AT=Ti(Co) — T= ATy + ATc + ATq + ATg =~ - L(Py)
P
11
or an
e
Tip Mk

Vip

Fl=

Col1l-—
+me - Cy -

k)-I,(P.)

where AHy is the enthalpy of fusion per unit mass, c, is the specific heat,
m, denotes the slope of the equilibrium liquidus, Cy represents the
nominal concentration of solute in the melt, I is the Gibbs—Thompson
coefficient—i.e., the interface energy/entropy of fusion [15,42,44], g
represents the kinetic interface coefficient and vy, and ry, are the
dendrite tip velocity and radius, respectively. Further, I,(P) is the
Ivantsov function that addresses the coupled heat and mass transport
around a paraboloidal dendrite tip in steady-state free dendritic growth

[11],
I,(P) = P-exp(P)-E: (P), 12)

where E; (P) is the exponential integral function of the first kind [15],

< exp(—t

np)= [ 2R
P t

and P, and P, are the thermal and solute Peclet numbers, respectively
[11,15,42],

13

dt,

p="2T 14)
2a
_
p. YT 15
=", (15)

where D is chemical diffusivity in the liquid phase, and « is the thermal
diffusivity of the supercooled liquid. Further, k is the kinetic partition
coefficient [62],

c,

ki
= = Vo .
G 1+

(16)

Here, the superscript * indicates the solid-liquid interface. Further, k. is
the equilibrium partition coefficient, vp, is the solute trapping velocity as
D;/a [63], where a is the interatomic spacing or lattice parameter.
Further, m is the kinetic liquidus slope defined as [62],

1 —k<l — lné)

1k a7

m=m,

As a supplementary equation, the Trivedi-Kurz stability criterion
[61] is needed to describe the non-equilibrium interfacial kinetics that
arise during rapid solidification in the context of free dendritic growth
under equal thermal diffusivity and conductivity in the solid and liquid
phases [61]. The criterion is formulated as,

S~

18)

Tip =
= p.AH
t fr_

2m,-P.-Co(1—k) £ )
¢ c

1-(1—k)-Iy(Pc)

where ¢* is the stability parameter (~ ﬁ). &, and &, are the thermal and
solute stability parameters, respectively, which are defined as [57],

1

1475

f=1- a9
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2k

1-2k— /1+J}—P?'

The properties of 316L austenitic stainless steel employed in the BCT
model are listed in Table 1.

Fig. 5 shows the dendrite tip velocity as a function of undercooling
determined by the BCT model and material parameters, used in the
present study. Rather than resolving the BCT model for each under-
cooling corresponding to individual growing cells, a common approach
involves initially determining the dendrite tip growth velocity across a
broad range of undercoolings and then fitting an exponential or poly-
nomial function [11,40,54]. However, given the multiple changes in the
curvature of the dendrite tip velocity versus undercooling curve (Fig. 5),
a more accurate approach to capture the curve's variations is linear
interpolation on a data table of the dendrite tip velocity at specific
undercoolings.

(20)

2.2.4.2. Decentered octahedron algorithm. In this study, the center co-
ordinates and size of an octahedron within a captured cell are deter-
mined using the so-called “decentered octahedron algorithm™ [54]. This
algorithm was originally introduced by Gandin and Rappaz [54], and is
adapted here. The latter approach mitigates the artificial anisotropy
caused by neighborhood type, cell type, or grid orientation. In this
approach, a growing octahedron, characterized by its center coordinates
C,, is associated with a growing cell, y, whose center coordinates are
designated as X,. When this octahedron captures the center of a neigh-
boring cell, v, characterized by the center coordinates X,, a new octa-
hedron with the center coordinates C, and the initial size of L, is defined
in the cell v. As shown in Fig. 6 (print) or Video 1 (online), the new
octahedron always fits within the capturing octahedron.

The determination of the center coordinates, C,, and initial size, L,,
of the new octahedron involves carrying out the following steps [2,38,
48,54]:

a) The three nearest vertices of the growing octahedron, namely S, Sa,
and S; are determined and subsequently sorted in order of their
distance to the cell center coordinates, X,,

b) the normal unit vector of the plane formed by S;, Sz, and Ss is
determined from

) (21)

c) the projected point, P,, from the coordinates X, onto the plane S;52S3
is determined from

PV:XI/ - [(Xu_sl> ﬂ]a (22)
Table 1
Properties of the 316L austenite stainless steel used in the BCT model.
Property Value Unit Source
Ts 1637 K [1]
T 1715 K [1]
AHy 2.6:10° Jkg! [1]
I 778 Jkg LK! [64]
r 3.47-1077 K-m [65]
Co 17 wt% [65-671
ke 0.791 - [65]
g 0.6489 ms LK! [68]
Dy 3.107° m2%s~! [19,65]
a 3.67-1071° m [69]
m, -3.49 K-wt% ! [65]
P 6988 kg-m~3 [1]
ke 29 Wm LK™! [1]
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Fig. 5. The calculated dendrite tip velocity, v,p, as a function of undercooling
AT using the BCT model.

Growing

Fig. 6. (print)/Video 1 (online): Decentered octahedron algorithm. As the oc-
tahedron of the growing cell (1), shown in blue, captures the center (C,) of a
neighboring undercooled liquid metal cell (v), a new octahedron, shown in red,
is generated in v with calculated center coordinates, C,, and initial size, L,,
inheriting the orientation of the capturing octahedron. The growth rate of each
octahedron depends on the undercooling at the center of its corresponding cell.
Growth stops once all neighboring cells transition from the liquid state, indi-
cating solidification.
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d) the projected point I from P, to the edge S; S, and the projected point
J, from P, to the edge $;S3 are determined from

sy

=S+t <52 7SI> (ﬂ) (s2 - 51) (23)
—— —_—

J=5 + (Ij) <53_51,) (8:-31). 4
)

e) the size of the new octahedron, L,, is determined as follows

L, = v/%3max(L12,L13), (25)

where, the lengths L, and L3 are determined from

L (x RCTRE[ s 7S RS

LB:%[min(Hsl——J’H,\/iAx)+min(Hs3—’—J‘,\/§Ax)]. @7

—_— — — —

If the lengths of IS;, IS,, JS;, and JS, are all smaller than v/3Ax
(maximum spacing between neighboring cell centers), then the new
octahedron has the same size as the capturing octahedron.

f) Finally, the center coordinates of the new octahedron, C,, is deter-
mined from,
C,—S
C, =Sy +V3L,——1 (28)
w S

2.2.5. Enhancing memory efficiency and accelerating computation

In the previous sections, various strategies, including CA domain size
optimization and fast thermal-to-CA property interpolation, were pre-
sented to enhance the performance of the CA model. Additionally, this
section presents further techniques designed for this purpose without
altering the underlying physics or introducing any simplifications to the
governing model.

2.2.5.1. Spatial pre-processing of thermal profile. In order to reduce the
computation cost, a novel algorithmic approach is presented in this
section to further exclude several nodes from the thermal profile before
interpolating the properties to the CA profile. To that end, three cases
can be considered. First, before determining the size of the CA domain,
nodes associated with the gas region (see Fig. 3) are identified as those
regions consistently having a zero metal fraction throughout all thermal
time-steps. Therefore, as solidification occurs within the metal region,
gas nodes and their associated data can be, and are, excluded from the
thermal profile. Secondly, it is possible to exclude the metal nodes with a
temperature history consistently below a specific temperature, e.g., the
solidus temperature, in the case that the complete geometry of the
substrate is not of interest for consideration in the microstructure
simulation. Thirdly, after defining the size of the CA domain, but before
the grain nucleation and growth processes, the union of the 27 nearest
nodes for each cell is identified. The latter forms a node cloud as the
smallest required thermal domain enclosing the CA domain. The
remaining nodes—i.e., outside the smallest thermal domain enclosing
the CA domain, and their associated thermal data are removed from the
thermal profile.

2.2.5.2. Temporal pre-processing of thermal profile. Similar to what was
discussed in Section 2.2.5.1, the thermal profile can be shrunk in terms
of time. Accordingly, thermal time-steps during which solidification
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does not occur are excluded. This novel algorithmic approach is
explained here.

Step 1 Define the nucleation temperature range

When the temperature of the liquid metal cell with the lowest tem-
perature drops within the range suitable for nucleation during the
cooling phase of the cell, the first nucleation event may occur, thereby
activating the microstructure model. The temperature range in which
nucleation occurs, as shown in Fig. 7, is described by

Tnuc,min = Tl - me(ATN)
+4 max(AT,) =

— 4 max(AT,) < T < T; —min(ATy)

(29

nuc maxs

where Tryc min and Trye max are the minimum and maximum temperatures
at which a nucleation event can take place.

Step 2 Account for material variations

In cases where the powder and substrate material are not the same or
in cases where the nucleation behavior is different across multiple re-
gions (Fig. 3), multiple sets of mean and standard deviation under-
coolings may be used. As shown in Fig. 7:

e To determine Tpycmin @s the minimum temperature at which nucle-
ation may occur, the largest value among the mean undercooling
ATy values and the largest value among the standard deviation
undercooling AT, values are considered.

To determine Tpucmax, as the closest temperature to the liquidus
temperature, the smallest value of the mean undercooling ATy and
the largest value among the standard deviation undercooling AT,
values are taken into account.

Step 3: Identify the solidification time window

In CA modeling of DED-LB, the focus is on the thermal time range
where solidification occurs, while disregarding thermal data associated
with the remaining thermal time ranges. The start of the solidification
time window is identified and modified as follows,

a) Nodes are identified that first undergo a metal liquid state exposed to
a temperature exceeding the liquidus temperature, and later a metal
state with a temperature lower than the maximum temperature
Thue max at which a nucleation event can occur.

b) For each such node, the earliest time-step at which the metal node
cools down below Tyc max is determined.

c) The earliest time-step among these identified time-steps is found.

d) The time-step immediately preceding this earliest time-step is
designated as the modified first time-step.

cooling down

nucleation temperature range

ATy

4AT,)

Nucleation Probability

+ L
&‘N@ SN T

R

Fig. 7. Schematic representation of the nucleation temperature range in the CA
model. The nucleation probability is assumed as a normal distribution with
mean and standard deviation undercoolings of ATy and AT,, respectively.
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Fig. 8. Schematic representation of the minimum required thermal time range
(from Tim,m —1to 5, + 1) for the simulation of the solidification process. The
red curve on the left side represents the temperature variation of the first node
experiencing solidification, while the blue curve on the right side represents
that of the last node. The first nucleation event occurs at a moment between
7h,m — 1 and 7, and the last solidification event happens between 75, and

hnt 1

e) All time-steps prior to this modified first time-step and their corre-
sponding nodal data are removed from the thermal profile.

Assuming the red curve shown on the left side in Fig. 8 as the
schematic representation of the temporal temperature change of a metal

node experiencing cooling to point B below Tycmax at time-step Tih,m
1.

Similarly, the end of the solidification time window is identified and
modified as follows,

sooner than other nodes, the modified first time-step is i, , —

a) The latest thermal time-step where the temperature of at least one
metal node is higher than the solidus temperature is identified as
T?h,n'

b) The time-step following this time-step, 7§ , + 1, is considered the
modified last time-step.

c) All time-steps and related nodal data after this modified last time-
step are also removed from the thermal profile.

The blue curve on the right side of Fig. 8 schematically represents the
temporal temperature change of the last metal node experiencing the
temperature at point C above the solidus temperature at 7y, ,. Accord-

ingly, the modified last time-step is 75, + 1.

2.2.5.3. Spatial pre-processing of CA profile. The CA model can be more
efficient by confining the growth process (Section 2.2.4) to cells within
the fusion zone only. More specifically, the latter cells are positioned in a
zone limited by the inclusion of fusion nodes and their 27 neighboring
nodes. This method guarantees that no fusion zone cell surpasses the
thermal fusion zone boundaries, presenting an efficient application of
the CA model exclusively to the pertinent cells.

2.2.5.4. Temporal pre-processing of CA profile. When the CA time-step
size is smaller than the thermal time-step size, the initial CA time-step
can have a forward jump compared to the first thermal time-step to
expedite the calculation time, based on a new approach presented as
follows. To achieve this, the metal nodes with a temperature higher than
Thuc min are denoted as ngy n,c at each thermal time-step. The maximum
cooling rate among the cooling rates belonging to ng, ,,c nodes at each
thermal time-step is determined as,
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T(nth.num Tth) - T(nth.num Tn + 1)

t(en +1) — t(rm) > 0.

(30)

Tmax.c,, = Max

Following this, the thermal time-step 7.1, at which the first
nucleation event can potentially take place, is identified based on the
condition that at its subsequent thermal time-step, 7 na + 1, the tem-
perature of at least one node among the ng,, nodes falls below the
minimum temperature of nucleation Ty m». Nodes satisfying this con-
dition are denoted as 1. The time-step size Atca jump required for the
first CA time-step to deviate from the first thermal time-step can be
determined from,

AtCA.jump = min{t(fﬂl.nucl + 1) - [t(’[th,nucl + 1) - t(Tth,nucl)]

)}20.

2.2.5.5. CPU acceleration. The computational efficiency of the CA
model is significantly enhanced through a novel parallelization strategy
implemented for the grain growth algorithm. The most computationally
intensive component of the model involves determining whether
neighboring liquid metal cells are captured by the octahedra associated
with growing cells and subsequently establishing new octahedra within
the captured cells. This process traditionally requires nested for-loops:
an outer loop iterating over all growing cells and an inner loop exam-
ining the captured cells for each growing cell. The primary challenge in
parallelizing such nested loops lies in managing data dependencies be-
tween iterations. In the present study, a sophisticated parallel algorithm,
as presented below, has been developed that effectively eliminates these
dependencies while maintaining computational accuracy. The CPU
parallelization strategy employs a three-phase approach: (1) Data
preparation where all read-only variables are broadcast to workers as
constants; (2) Parallel grain growth computation where each worker
independently processes assigned growing cells, storing captured-cell
records in thread-local lists without synchronization; and (3) Conflict
resolution where globally captured records are merged and the octa-
hedron producing the largest size is assigned to each captured cell.
2.2.5.5.1. Phase 1: Data preparation and parallelization constants.

Prior to parallel execution, all variables that remain constant during the
parallel computation are converted to parallelization constants. This
approach ensures that these variables are copied to workers only once,
rather than at each iteration, thereby minimizing memory transfer
overhead. The key parallelization constants include:

(31)
T(nth.nuch Tthnucl + 1) — Thuc.min

T(nthnuch Tehnuel + 1) - T(nth,nucl » Tth,nucl

Coords = {coordsy, ..., coords,, }, where coords; € R® is the cell-
center coordinates, and N, is the number of the cells,

UnitVertices = {unitVertex, ..., unitVertexs }, where unitVertex; € R3
is the vertex coordinates of the unit octahedron,

GrowCells = < growCelly, ..., growCelly } C{1,...,Ngs}: Set of

[growing cells
the indices of all growing cells, where Ngroping cetis is the number of the

growing cells,
For each growCell; € GrowCells:

o LigNeigs; = {lineigivl, e lineigiM}: Indices of liquid-metal
neighbors of growCell;, where N; < 26 is the number of these
neighbors,

o CoolLigNeigs; = {coolLineigi_l, coolLineigi‘Nk}: Indices of

supercooled-liquid-metal neighbors of growCell;, where N < N; is
the number of these supercooled neighbors,

0 Rzxz; € R¥3: Rotation matrix based on the crystallographic Euler
angles of growCell;,

o octaLen;: Octahedron length of growCell;,

o octaCenter; € R®: Global center coordinates of the octahedron in
growCell;.

2.2.5.5.2. Phase 2: parallel computation. The core parallelization



M. Sattari et al.

strategy employs a list of objects to store the captured cell information
independently for each growing cell. The parallel computation proceeds
as follows, where each worker independently processes its assigned
growing cells. This design ensures thread-safe execution without race
conditions.

Let each parallel task work on a single growCell; € GrowCells and
records the capture results in captureRec; as a (initially empty) local list
of capture records for growCell;:

a) Fetch supercooled neighbors

e If CoolLigNeigs; is empty, go to Step “d”.
b) Construct a rotated octahedron

e Compute the six vertices of an octahedron of size octaLen;, centered
at octaCenter;, rotated by Rzxz;: OctaVertices; = {octaCenteri +4/3 x
octalLen; X Rzxz; x unitVertexk{unitVertexk S UnitVertices}.
Form the minimal closed shape (a-shape) enclosing OctaVertices;. Its
volume should not be zero.
Identify and process capturable neighbors
Compute CapturedNeigs; = {coolLineigi j € CoolLigNeigs;

C

=

c00rds ooirigneig;,; Lies inside the (x—shape}.

If CapturedNeigs; is empty, skip the current growCell;; otherwise, for

each capturedNeig; € CapturedNeigs;:

o Apply the decentered-octahedron subroutine with inputs (Coords,
octaLen;, OctaVertices;, octaCenter;, capturedNeig;) to obtain
(octaLen;j, octaCenter;;): the length and center coordinates of the
new octahedron in capturedNeig; induced by the octahedron of
growCell;.

o Append the record (growCell;,
octaCenter;;) to captureRec;.

d) Solidification check

o If LigNeigs; and CoolLigNeigs; are empty, mark growCell; as
“solidified”.
e) Return
e Output the local list captureRec;.
2.2.5.5.3. Phase 3: Conflict resolution and state update. After parallel

execution is completed, all local lists are merged into a single list. A
critical aspect of the algorithm involves resolving conflicts when mul-
tiple growing cells attempt to capture the same undercooled liquid metal
cell. The algorithm implements a maximum octahedron length criterion:
when multiple octahedra overlap a liquid cell, the cell is assigned to the
growing cell that creates the largest octahedron within it. This is ach-
ieved through:

capturedNeigj,  octaLen;;,

a) Flatten capture records
e Let CaptureRec = Uf‘i 1 captureRec; =
octaLens, octaCenters)}.
b) Group by captured cell
e For each unique captured cell capturedCelly. € capturedCells, collect
all records { (capturingCellsy.,capturedCelli, octaLens,octaCentersy) } C
CaptureRec.
c) Select maximum-length assignment and update variables
e For each capturedCelly
the

octaCentery) for which octaLen, = max{octaLens;}.

{(capturingCells, capturedCells,

o Choose record (capturingCell;, capturedCelly., octaLen;,

o Discard all other records for that capturedCelly.

o Change the state of capturedCell, from “liquid” to “growing”.

o Update the grain index and crystallographic Euler angles of
capturedCelly to those of captun'ngCell,t.

o Update the length and center coordinates of the octahedron in
capturedCelly. to octaLen;, and octaCenter;, respectively.

d) Update solidified cells

e For each cell marked “solidified” in Phase 2, update its state to

“solid”.
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Several optimization strategies are incorporated in the proposed al-
gorithm to enhance computational efficiency. Memory efficiency is
achieved through the use of parallelization constants, which minimizes
memory duplication across workers for the large, read-only data struc-
tures. Load balancing is handled by the parallel for loop, which dis-
tributes iterations among available workers for optimal CPU utilization.
Communication overhead is minimized through the list-of-objects
approach, which eliminates the need for inter-worker data exchange
during parallel execution. Furthermore, computational efficiency within
each worker is maximized through the use of vectorized operations
wherever applicable.

2.2.6. Time-step size

In the present study, the calculation of the new time-step size in the
current CA model comprehensively takes several factors into account.
First, to prevent a large CA time-step size causing the CA time to exceed
the last thermal time, the upper limit for the CA time-step size is updated
at each CA iteration as,

Altmax1 = tinlast — tca- (32)
where ty 05 is the total thermal time, and tgs is the current CA time.
Furthermore, if at the current time-step there exist actual nucleation
sites fulfilling the conditions in Section 2.2.3, the time-step size should
remain sufficiently small to facilitate a gradual temperature decrease,
allowing for the nucleation event to occur at the appropriate tempera-
ture (see Fig. 7).

min(AT,)

Atnax2 = if nuclei; elseco, (33)

max,ty

In Addition, in laser processing, the CA time-step size should be small
enough to prevent the propagation of the growth front and diffusion of
the quantities over a distance longer than the cell size

Ax

Atma.x.?} = T s (34)
Vi
Ax?
Atpaxs = TDI ) (35)

In laser material processing, the velocity, v, corresponds to the laser
beam scanning velocity, v;, while in processes like casting, where the
solidification front velocity is unpredictable based on the process pa-
rameters, v represents the maximum dendrite tip velocity, denoted as
Viipmax> for the growing cells.

Accordingly, the equation to determine the new time-step size is
modified to,

Aty = min(Atmax.ly Atmax 2, Atma.x.,:«}v Atma.x.4) ) (36)

If there is no growing cell at a CA time-step, the maximum dendrite
tip velocity at that time-step is zero. In this case, the new time is updated
by Ref. [70],

.Ch-AX?
At=min Atmu,u , 37
6k
Otherwise,
At = Aty (38)

3. Experimental setup and procedures

The experimental setup for the DED-LB process consists of a Yb:YAG
disk laser source (TruDisk 10001, TRUMPF SE + Co. KG, Germany)
emitting a laser beam at a wavelength of 1030 nm. The laser system is
equipped with optical transport fibers and focusing optics (BEO D70,
TRUMPF SE + Co. KG, Germany) that deliver laser beams



M. Sattari et al.

perpendicularly to the substrate's surface. The focusing optics are
mounted to the end-effector of a 6-DOF robot (IRB-2600M2004, ABB
AG, Sweden). 316L stainless-steel powder (median particle size d50 =
[value] pm) is delivered from a Twin-150 powder feeder (Oerlikon
Metco AG, Switzerland) to the laser-induced melt pool in the substrate
through an off-axis powder nozzle (Fraunhofer ILT, Germany) with a
1.5 mm inner diameter. The powder is injected into the melt pool at a
70° angle to the horizon. Argon gas is used as both the transport gas and
the shielding gas, flowing at rates of 2.5 NLPM (normal liter per minute)
and 20 NLPM, respectively. The melt pool is shielded from oxidation by
an additional nozzle (Fraunhofer ILT, Germany) that supplies argon. The
laser beam intensity profiles are generated using different transport fi-
bers. A 600 pm circular core fiber generates a circular uniform intensity
profile, while a 620 x 620 pmz square core fiber generates a square
uniform beam shape. The fiber exit is followed by a collimating lens with
a 200 mm focal length, and then the beam is focused using a 400 mm
focal length lens. This results in a uniform circular intensity profile with
a diameter of 1.2 mm and a square intensity profile with dimensions of
1.24 x 1.24 mm?> Fig. 9 shows measurements of these two profiles,
published in our previous works [1,16,71,72].

During the deposition process, single tracks are deposited by the
316L stainless steel powder particles on a substrate of the same material.
The tracks are deposited at a velocity of 5 mm/s at a laser power of 600
W and a powder flow rate of 2.5 g/min. In the laser melting process (no
supply of powder), a laser power of 700 W and a scanning velocity of 20
mm/s are used [16,71].

The deposited tracks are analyzed from the longitudinal and trans-
verse cross-section perspectives. Transverse and longitudinal cross-
sectional samples are mounted in Bakelite. The samples are prepared
on a polishing machine (LaboPol-60, Struers), using lubricants with 9
pm, 3 pm, and finally, 1 pm in size for diamond suspensions and Non-
drying fumed 0.25 pm silica suspension for final polishing. For micro-
structure analysis, a JEOL JSM-7200 Field Emission Scanning Electron
Microscope (SEM) equipped with Oxford Instruments EDS and EBSD
detectors is utilized [16]. Because an exact longitudinal cut through the
bead's centerline cannot be made experimentally, the corresponding
simulated longitudinal cross-section was found by laterally shifting
cross-sections until the height of the simulated cross-section was the
same as the height of the experimental one.

4. Numerical implementation

The present CA model is developed using MATLAB software [73],
primarily due to the utilization of vectorized calculations throughout the
CA algorithm. CPU parallelization is implemented using MATLAB Par-
allel Computing Toolbox via the parfor construct (parallel for-loop). The
grain growth iterations (loop over all growing cells at each CA timestep)
are distributed among available processors. Within each iteration, pro-
cessors access the CA grid state (cell positions, states, grain indices,
octahedron properties) and thermal properties interpolated from the
FVM mesh. No explicit inter-processor communication or gather-scatter
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operations are required because data dependencies are managed
through synchronization at loop boundaries: all iterations are computed,
then results are synchronized before advancing to the next CA timestep.
Load balancing is handled automatically by MATLAB's built-in load
balancing scheme, which distributes iterations among available workers
to minimize idle time. Specifically, iterations are chunked and assigned
to workers dynamically such that workers completing their chunk
quickly receive additional iterations, preventing load imbalance.
Furthermore, the MTEX toolbox [74] is employed for the analysis and
visualization of grain morphology and the assessment of crystallo-
graphic texture.

The simulations are conducted in parallel on a workstation equipped
with 128 GB of memory and 32 cores of an AMD Ryzen Threadripper
3970X processor operating at 3.70 GHz. An analysis is conducted to
examine the dependency of the simulated microstructure on cell size.
Fig. 10a shows that a cell size of 5 pm represents the maximum
threshold, below which the number of simulated grains becomes inde-
pendent of the cell size. Fig. 10b shows that the corresponding calcu-
lation time exponentially increases when the cell size decreases. This cell
size aligns with findings previously reported in the literature [46].
Furthermore, Ny, ATy, and AT, are set to 104, 10, and 1, respectively.
These values adapted from Refs. [18,67,75] were tuned to reproduce the
measured grain sizes while remaining within physically plausible ranges
for interface-dominated nucleation in rapid solidification, consistent
with the ranges used in literature on AM microstructure modeling.

The thermal-fluid simulation results were stored every 100 ps. This
interval was selected to be of the same order as the required time-step so
that the solidification front can track the laser scanning speed. Given a
laser speed of 20 mm/s in laser melting and a cell size of 5 pm, using a
factor of 0.25 yields 0.25 x (5-107°m)/(20-10 3 m s™1) ~ 62.5 ps. Thus
100 ps ensures sufficiently fine temporal resolution for interpolation
from the thermal to the CA domain without coarse loss of data. For the
microstructure simulation, the CPU calculation time per cell and the
wall-clock calculation time per cell are approximately 320 ps and 900 ps,
respectively.

5. Results
5.1. Full track simulation

Fig. 11 (print)/Video 2 (online) shows the simulation of the thermal-
fluid dynamics and the solidification microstructure formation during
DED-LB along the entire track, using the uniform circular laser beam
intensity profile.
5.2. Computational performance analysis

This section analyzes the performance of the optimized thermal-to-

CA interpolation method and the CPU-paralleled grain growth algo-
rithm presented in the sections 2.2.2 and 2.2.5.5, respectively.

Energy Density Factor [-]

-0.5 0 0.5
X [mm]
b

Fig. 9. Normalized measured energy density profiles of the measured uniform a) circular and b) square laser beam intensity profiles [1,16,71,72].



M. Sattari et al.

e

—

S Ten,

o «

o .

£09 Ye

g AN

o ‘\\

508 ..

207 S
= ~
o RN
z

Journal of Materials Research and Technology 41 (2026) 7168-7194

- =N
o o
w S
»

Simulation time [s]
>
N
K4

10 20 30 40 50
Ax [pm]
b

Fig. 10. Dependency of the simulated microstructure, represented by a) the normalized grain count and b) the simulation time, on cell size, with the dashed line

serving as a visual aid.

1.0(s)
2456.0
lzooo <

2
— 1500 3
@
1000 %
2

500

Fig. 11. (print)/Video 2 (online): The thermal-fluid dynamics (top) modeled by Ref. [1] and solidification microstructure formation (bottom) during DED-LB,

utilizing the uniform circular laser beam intensity profile.

5.2.1. Optimized spatial-temporal interpolation

In this section, the numerical accuracy and computational efficiency
of the optimized thermal-to-CA spatial-temporal interpolation method
presented in Section 2.2.2, are quantified against non-optimized direct
interpolation scheme using the linear scatteredInterpolant MATLAB
function. As shown in Fig. 4, in the direct method, the full spatial-
temporal interpolation is applied per CA time step. The property is
first linearly interpolated between the two enclosing sequential thermal
time steps to the current CA time and is then spatially interpolated from
the thermal onto the CA grid.

The optimized interpolation scheme preserves exact numerical

2500
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Temperature by optimized method [K]

0 500 1000 1500 2000 2500
Temperature by direct method [K]
a

equivalence to the direct interpolation baseline, verified through cell-
wise comparison across the full CA domain and solidification interval.
Temperature field shows extremely small maximum cell-wise errors
between the two methods across all CA time-steps, with Fig. 12a
demonstrating perfect overlap of temperature values at a representative
CA time-step (maximum difference: 9.1 x 10713 K; summed difference:
6.11 x 107° K). Fig. 12b shows the equality mask of the metal fraction
for all CA cells, defined as a binary field that takes the value 1 where the
optimized and direct methods assign the same metal fraction and
0 otherwise; the mask is identically 1, confirming zero deviation in CA
domain geometry between both schemes.

Metal Fraction Equality Mask [-]

1 100 10000
Cells
b

1000000

Fig. 12. Comparison of the optimized and direct interpolation schemes at a representative CA time-step for 40 pum size cells discretizing CA domain shown in Fig. 11.
(a) Cell temperature values from both methods; (b) Metal fraction equality mask (binary: 1 = identical values, 0 = different).
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Fig. 13. Interpolation and total CPU times for the optimized versus direct
interpolation schemes for the 40 pm discretization of the CA domain shown
in Fig. 11.

Despite identical accuracy, the optimized method dramatically re-
duces computational cost relative to the direct scheme. By pre-
computing Delaunay tetrahedron assignments and Barycentric co-
ordinates once per cell, spatially interpolating properties to CA field
once per thermal time-step, then applying only lightweight linear time
interpolation for intra-interval CA updates, the optimized method ach-
ieves a computation time reduction by 158x, as shown in Fig. 13. For the
40 pm resolution case (25,0914 cells), the interpolation time dropped
from ~3500 s (96.9% of total time) to 22 s (11.3% of total time),
eliminating interpolation as a runtime bottleneck. By removing this
dominant, the optimized scheme reduces memory stalls and per—time-
step overhead in the CA loop, which lowers the total CPU time of the full
simulation by a factor of two (Fig. 13), even though the physical model
and number of CA time-steps remain unchanged.

5.2.2. CPU parallelization

To evaluate the effectiveness of CPU parallelization, a performance
study was conducted for the DED-LB domain shown in Fig. 11 dis-
cretized by three cell resolutions of 10, 20, and 40 pm and six CPU core
counts (1, 2, 4, 8, 16, and 32 cores). Fig. 14a presents simulation time
versus CPU core count for 10 pm cell size simulations. Each stacked
column separates grain growth algorithm time (light blue) from
remaining computation time (dark blue), with total time decreasing
from ~8800 s on 1 core to under 5000 s on 4-8 cores—driven solely by
grain growth parallelization. This reveals the grain growth algorithm as
a significant limit to strong scaling performance, while remaining
components comprise efficiently vectorized, MATLAB-optimized calcu-
lations. For 20 pm cell size versus 10 pm, calculation times decrease by
averaged factors of 6 x (grain growth) and 8 x (remaining parts of the
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CA model); for 40 pm cell size versus 10 pm, these factors rise to 27 x
and 52 x , respectively.

As shown in Fig. 14b, strong scaling analysis reveals non-linear
performance characteristics typical of memory-bandwidth-limited ap-
plications. Speedup—defined as the ratio of single-core wall-clock time
to multi-core wall-clock time—reached an maximum 3.17x (averaged
among cell sizes) at 4 cores across all cell sizes for the simulation time of
the CPU-parallelized grain growth algorithm, corresponding to parallel
efficiency (speedup + number of cores) of 79%, representing the prac-
tical limit before overhead dominates execution. Beyond 4 cores,
speedup plateaus: at 8 cores, average speedup remained near 3.25x
(41% efficiency); at 16 cores, speedup degraded to 1.9 x (12% effi-
ciency); and at 32 cores, speedup collapsed to 1.55 x (5% efficiency).
Notably, at 32 cores, wall-clock time increased relative to 4-core per-
formance, demonstrating that additional cores actively worsen perfor-
mance due to overhead exceeding computational benefit.

For routine simulations, 4-core execution is recommended,
providing 3.17x speedup in the grain growth algorithm with modest
overhead. This configuration balances acceleration benefit against
infrastructure cost and is deployable on standard multi-core worksta-
tions. For deadline-critical analyses, 8-core systems offer marginal
additional benefit (3.25 x speedup vs. 3.17x) at the cost of significantly
higher idle time and efficiency loss (41% vs. 79% for 4 cores). Deploy-
ment beyond 8 cores is explicitly not recommended for this algorithm on
Non-Uniform Memory Access (NUMA) systems without algorithmic
modifications (e.g., domain decomposition, asynchronous paralleliza-
tion). Therefore, future optimization opportunities include NUMA-
aware scheduling, domain decomposition strategies to reduce inter-
processor communication, hybrid GPU acceleration of geometric prim-
itives, and memory-efficient data structures to reduce the working set
and cache footprint per core.

5.3. Experimental validation

5.3.1. Substrate microstructure

Fig. 15 presents experimental data on the substrate microstructure.
In Fig. 15a, the grains are colored according to their mean crystallo-
graphic orientations. Although the substrate exhibits a textured struc-
ture (Fig. 15b), this effect is excluded from the simulated substrate to
isolate and analyze the specific influence of laser beam shaping on the
microstructure. Fig. 15c shows the grain area distribution, with a mean
value of ~41 pm?>—equivalent to a square with a size of 6.4 ym—with a
standard deviation of 92 pm?. This equivalent square size value closely
matches the limiting cell size of 5 pm calculated in Section 4. The dis-
tribution of the ratio of longer to shorter diameters of best-fit ellipses to
the grains with the same area (Fig. 15d), as a measure of grain circu-
larity, concentrates near unity, confirming the presence of equiaxed
grain morphology, consistent with the substrate microstructure
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Fig. 14. (a) Simulation time vs. CPU cores for 10 pm cells, comparing grain growth (light blue) and remaining time (dark blue); (b) Grain growth algorithm speedup

vs. CPU cores for 10 pm (16 M cells), 20 pm (1,9 M cells), and 40 pm (250k cells).
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Fig. 15. Substrate microstructure analysis; (a) Grains colored by orientation; (b) (100) pole figure; (c) Grain area distribution; and (d) Grain circularity distribution

(diameter ratio from equal-area ellipse fitting).
initialization procedure described in Section 2.2.1 and Section 4.

5.3.2. Crystallographic texture

Fig. 16 through Fig. 19 directly compare experimental and simulated
cross-sections, pole figures and grain-to-grain misorientation angle dis-
tribution quantified via two-sample Kolmogorov-Smirnov statistics for
both laser beam shapes and cross-section orientations. Specifically,
Fig. 16 shows grain morphology and pole figures of transverse sections
for single-track laser melting under uniform circular and square in-
tensity profiles. Figs. 17 and 18 present transverse and longitudinal
sections for DED-LB with the uniform circular and square profiles,
respectively. Fig. 19 compares misorientation angle distributions across
all cases. Finally, Table 2 lists the corresponding texture indices [55] for
each case, providing a quantitative measure of crystallographic
alignment.

The texture index (Table 2) is a standard measure of the sharpness of
the orientation distribution function (ODF) (higher values indicate a
stronger texture; values near 1 indicate weak textures). In the present
single-track experiments and simulations, the texture indices
(~1.04-1.16) lie in the weak-texture regime, consistent with limited
deposited volume and the competing effects of epitaxial growth and
heterogeneous nucleation in AM track-scale solidification. Quantita-
tively, the model reproduces these texture indices with small deviations
across all cases: laser melting transverse (3.0% circular; —0.5% square),
DED-LB transverse (6.6% circular; 1.0% square), and DED-LB longitu-
dinal (4.6% circular; 10.8% square). These deviations are interpreted as
acceptable given that EBSD-based orientation measurements typically
have sub-degree angular precision, commonly reported on the order of
~0.5°-1° [76], and +5% uncertainty in pole figure/ODF reconstruction
[77], and +5% texture measurement bias [78].

For laser melting (transverse), the simulated pole figure (PF) patterns
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and peak locations and intensities are essentially indistinguishable from
experiment (Fig. 16), consistent with the small texture-index deviations
reported above. For DED-LB transverse sections by the uniform circular
beam (Fig. 17), large experimentally observed columnar grains (high-
lighted by the dashed boarder and arrow in Fig. 17)—whose <001> axis
lies out of plane—are not reproduced, so their anomalous PF peak in-
tensities are absent in the simulation. Importantly, the absence of those
extreme PF peaks in the simulation is consistent with the modeling
choice to initialize a texture-free substrate in order to isolate beam-
shape effects, whereas the experimental substrate exhibits a pro-
nounced pre-existing texture (Fig. 15), which can promote orientation-
selective epitaxial growth and amplify PF maxima. Nevertheless, in
DED-LB transverse cross-sections for square beam shape and in the
longitudinal sections for both beam shapes, no such discrepancies arise;
pole-figure patterns, and peak intensities all agree within experimental
uncertainty. The minimal deviation between experimental and numer-
ical texture indices, PF patterns, and intensities validates the fidelity of
the CA model in capturing texture evolution.

Fig. 19 shows grain misorientation angle probability density func-
tions (PDFs), comparing EBSD (blue) to simulation (red). The misori-
entation angle distribution is a sensitive descriptor because it depends
on the full population of relative grain orientations (not only the
dominant PF peaks), and it is affected by both growth selection and the
frequency of low-angle vs. high-angle boundaries. The two-sample
Kolmogorov-Smirnov (K-S) statistic [79] was applied to compare
these distributions where Dks is the maximum vertical distance between
the two cumulative distribution functions (CDFs) of two samples;
smaller Dgs (near 0) means closer distributions, while a large (near 1)
indicates difference. The pgs indicates significance, if pxs < 0.05, the null
hypothesis (that samples are from the same distribution) is rejected. In
large EBSD datasets, the K-S test can be extremely sensitive, so very
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Fig. 16. Grain morphologies and pole figures of transverse sections allowing comparison between experimental (left) and simulated (right) transverse cross-sections
of laser melting tracks by the uniform circular and square laser beam intensity profiles.

small differences can still yield pxs-values effectively equal to zero (i.e.,
“statistically different” does not necessarily imply “practically
different”). Therefore, in this section the K-S statistic was used primarily
as an effect-size indicator of distribution mismatch (shape and shift
differences), rather than as a strict accept/reject hypothesis test.

In the laser melting, transverse, circular case (Dgs = 0.159), the
simulation shows Gaussian-like distribution within 15°-57°, while
experiment adds low-angle (3-9°) probability, a 57 peak (PDF = 0.03),
and reduced mid-angles; The extra experimental weight at very low
misorientations is consistent with EBSD-related sensitivity of “small-
angle” statistics to measurement precision and post-processing or seg-
mentation choices (e.g., how sub-grains and low-angle boundaries are
treated), which can promote apparent low-angle counts in experimental
reconstructions compared with meso-scale CA grains that do not
explicitly resolve sub-grain structure. The enhanced experimental high-
angle peak near 57° suggests that a specific boundary population is more
frequent experimentally than in the model, which is plausible if a small
number of strongly selected growth orientations (e.g., near (001) fiber
tendencies) compete against the surrounding orientation field and
create a characteristic set of high-angle boundaries, shown in Fig. 16 as
the large read grain. For the square case (Dgs = 0.383) with largest
mismatch, the simulation is Gaussian-like in 21°-57°, but experiment
has strong 3° peak (PDF = 0.05), secondary 57° (PDF =~ 0.025), and
Gaussian-like distribution for mid-angles; this reflects experimental
substructure (3-9°) and dominant-orientation high-angles unmodeled in
one-orientation-per-grain CA without deformation sub-grains. This
pattern (simulated “bulk” misorientation spread versus experimental
enrichment of very low and very high misorientations) is consistent with
the experiment containing (i) localized regions of small orientation
gradients (raising 3-9° bins) and (ii) a limited set of dominant
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orientations producing frequent high-angle boundaries, neither of which
is explicitly represented in a meso-scale CA model that assumes one
orientation per grain and does not model deformation-induced sub-grain
formation. In addition, this deviation might be introduced by the prac-
tical difficulty of extracting a perfectly centered transverse section
experimentally, whereas the simulation uses an exact geometric cut;
small sampling differences can disproportionately affect distribution
tails and low-angle bins. In the DED-LB, transverse and longitudinal,
circular and square cases, the patterns similar to the laser melting,
transverse, circular case are shown; aligns with manuscript's large out-
of-plane columnar grains in experiments (absent from texture-free
simulated substrate), reducing the frequency of certain high-angle
boundaries and suppresses extreme PF intensities, which naturally
propagates into the misorientation PDFs as a weaker high-angle tail/
peak. Particularly in for the longitudinal square (Dgs = 0.264) case, the
experimental dominance at 57° (PDF = 0.05) is higher than the other
cases in laser melting and DED-LB.

Because the texture index is an orientation distribution function
(ODF)-based scalar, it is inherently robust to local outliers yet sensitive
to overall alignment, making it a suitable primary validation metric for
texture strength. The remaining discrepancies—most apparent as
enhanced experimental low-angle (3-9°) content and amplified high-
angle peaks near 57-60°—are consistent with known limitations of (i)
EBSD small-misorientation reliability/segmentation sensitivity and (ii)
meso-scale CA texture modeling choices that omit sub-grain structure
and, in this study, intentionally remove substrate texture to isolate
beam-shape effects; both factors can shift boundary statistics while
preserving the dominant pole figure peaks and overall ODF sharpness.
Finally, the consistently small K-S statistics (typically 0.118-0.159
except for the laser-melting square and DED-LB longitudinal square
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Fig. 17. Grain morphologies and pole figures allowing comparison between experimental (left) and simulated (right) transverse and longitudinal cross-sections of

DED-LB tracks by the uniform circular laser beam intensity profile.

cases) indicate that the CA model captures the main shape of the
misorientation distributions, while pxs ~ 0 are expected for large EBSD
datasets and should be interpreted as high sensitivity rather than prac-
tical failure of the model.

5.3.3. Grain morphology

Fig. 20 compares the simulated (red bars) and experimentally
measured (blue bars) distributions of grain area and the ratio of longer
to shorter diameters of best-fit ellipses with the same area at each cross-
section introduced in the previous section. Quantitative agreement is
evidenced by close central tendency and spread—e.g., in the laser
melting, transverse cross-section, circular beam case: experimental area
means 152 + 405 pm? equivalent to a circle diameter of 13.9 pm versus
125 + 379 pm? simulation area equivalent to 12.6 pm circle diameter
(9.2% error), with diameter ratios 2.04 + 0.932 experimentally versus
1.95 + 0.905 numerically (4.4% error). For square beam: 67.6 + 295
um? equivalent to 9.3 pm circle diameter experimentally versus 104 +
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517 pum? equivalent to 11.5 pm circle diameter (23.6% error) numeri-
cally, with 1.92 + 0.904 experimental ratio versus 1.82 + 0.898 nu-
merical ratio (5.2% error)—and similar for all other cases. For DED-LB
of the circular beam, 24.1% error in equivalent diameter and 19.9%
error in diameter ratio are found for the transverse cross-section and
8.9% and 11.8%, respectively, for the longitudinal one. In DED-LB with
square beam, these values are 20.9% error in mean diameter, 15.4%
error in diameter ratio for transverse, and 8.3% error in mean diameter,
14.8% error in diameter ratio for longitudinal cross-sections; all pgs
~0 due to large sample sensitivity [79].

As can be concluded from the distribution graphs in Fig. 20, overall,
the simulation reproduces the experimental distributions with high fi-
delity, despite mean shifts. Notable discrepancies in the distribution
arise only for the transverse section in DED-LB build with a circular
beam profile (Fig. 17). This region exhibits a few exceptionally giant and
many small grains (highlighted by the dashed boarder and arrow in
Fig. 17), all with preferred <100> orientation parallel to the build
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Fig. 18. Grain morphologies and pole figures allowing comparison between experimental (left) and simulated (right) transverse and longitudinal cross-sections of

DED-LB tracks by the uniform square laser beam intensity profile.

direction, which are absent in the simulation. This limitation primarily
stems from the strong (100) fiber texture in the experimental substrate,
as revealed by pole figure analysis in Fig. 15b. Such texture selectively
promotes epitaxial growth of (100)-oriented grains from favorably
aligned substrate nuclei, yielding these giant columnar structures. In
contrast, the simulations employed a texture-free substrate initialization
(Section 2.2.1), precluding such orientation-specific selection and
resulting in a higher fraction of equiaxed grains. In addition, the melt
pool tail experiences local variations in convective heat transfer that can
selectively stabilize growth fronts for favorably oriented nuclei [71].
The weak one-way coupling scheme further contributes by smoothing
transient melt pool dynamics, including Marangoni convection in the
tail region where these grains form. This prevents thermodynamical
differentiation between favorably and unfavorably oriented nuclei
competing under similar undercooling conditions, preventing the sus-
tained growth advantage necessary for exceptional grain structures.
Future work incorporating sensitivity studies on orientation-
weighted grain capture criteria or full transient thermal coupling
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would extend predictive capability to encompass rare, crystallographi-
cally selected microstructural features while maintaining computational
efficiency. Apart from this, the minimal deviation between experimental
and numerical grain area and best-fit ellipse aspect ratio validates the
fidelity of the CA model in capturing grain morphology evolution.

6. Discussion

The present investigation reveals that laser beam intensity profile
influences solidification microstructure. At the macroscopic level, the
beam intensity profile directly determines the spatial distribution of
energy input (absorbed laser energy), which cascades through multiple
length scales to affect grain nucleation, competitive growth, and final
microstructure characteristics. Previously, we [1] demonstrated that the
beam geometry significantly affects melt pool characteristics. The
square-shaped laser beam, with lower laser energy attenuation and a
larger irradiation surface, creates a wider, longer and larger melt pool
with lower peak temperature compared to a circular beam, resulting in
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Table 2

Comparison of the texture index for experimental and simulated transverse and longitudinal cross-sections of laser melting and DED-LB tracks by the uniform circular

and square laser beam intensity profiles.

Process Laser beam shape Cross-section Experimental Numerical Deviation [%]
Laser Melting Circular Transverse 1.039 1.071 3.0
Square Transverse 1.092 1.086 -0.5
DED-LB Circular Transverse 1.068 1.139 6.6
Longitudinal 1.094 1.145 4.6
Square Transverse 1.067 1.078 1.0
Longitudinal 1.049 1.163 10.8

more uniform temperature distributions. However, the circular profile
generates a higher peak temperature and faster fluid velocity, resulting
in a deeper melt pool. The higher Peclet number for the circular beam
underscores the heightened role of fluid flow in energy transfer, leading
to a deeper melt pool compared to the square beam. Moreover, the
higher Marangoni number for the circular beam highlights the domi-
nance of surface shear stress over viscous forces, resulting in faster fluid
flow within the melt pool. The smaller melt pool with higher peak
temperature means having steeper radial temperature gradients in that
melt pool generated by the circular beam shape [1]. These differences in
melt pool geometry directly influence the solidification parameters G
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(temperature gradient) and R (solidification rate), which govern
microstructure evolution according to classical solidification theory
[80]. The G-R product, representing cooling rate, controls grain size,
while the G/R ratio determines grain morphology, with higher values
promoting columnar growth [18].

6.1. Crystallographic texture sensitivity to the laser intensity profile

The experimentally measured pole figures in Fig. 16 demonstrate
that peak intensities related to the transverse cross-sections are
marginally lower for the square beam compared to the circular beam in



M. Sattari et al.

Journal of Materials Research and Technology 41 (2026) 7168-7194

Area [pmz]

Ratlo of Fit Elllpse Dlameters [—]

—— 50
o = 60 I Experimental I Experimental
£ = I Numerical 40 [ Numerical
> @ - —
o © 40 ©
© < 230
=R <
R 4
& B20 220
g 3
O 10
)
£ Q Q Q Q Q Q \)
= S &L S8 o % y . -
=
g Area [ymZ] Ratio of Fit Ellipse Diameters [-]
= (Mean, Std)exp = (152, 405) um? (Mean, Std)exp = (2.04, 0.932)
(Mean, Std)sim = (125, 379) um? (Mean, Std)sim = (1.95, 0.905)
Log(Area): D = 0.245, pgs =0 Dgs =0.174, pgs =0
60 ; " i 50
o = Il Experimental I Experimental
z & I Numerical 40+ I Numerical
> 840 =
1%} e ©
& < 930"
9 <
g F20 220
S & %
8 @10+
ud 0
E Q@Q OSOQ QDQ (on %GJQ ,\OJQ D(QQ 0 I II l- P —
g K7 A @ @AY
@
g

(Mean, Std)exp = (67.6, 295) um?
(Mean, Std)sim = (104, 517) um?
Log(Area): D = 0.346, pys =0

(Mean, Std)exp = (1.92, 0.904)
(Mean, Std)sim = (1.82, 0.898)
Dygs =0.181, pgs =0

80 60
= I Experimental I Experimental
o %60 I Numerical S I Numerical
§ g s 40
2 540 <
2 = [
(=R~ >
S $20 520
s & K
2
O 0" m ” —
) P @ N & P P
E' 0‘1’ Q7 N NT QT 97 qF : 2 4 6
a Area [pm ] x10% Ratio of Fit Ellipse Diameters [-]
(Mean, Std)exp = (513, 1470) um? (Mean, Std)ey = (2.01, 0.891)
(Mean, Std)sim = (296, 1170) um? (Mean, Std)sim = (1.61, 0.596)
Log(Area): Dgs =0.304, pgs =0 Dgs =0.307, pgs =0
80 - - 80 T
I Experimental I Experimental
60 I Numerical I Numerical

Relative Area [%]
8

20+ 1
0 II [ [
AN H® O > AN
Area [um?] x10%

DED-LB, Circular, Longitudinal

(Mean, Std)exp = (410, 1330) um?
(Mean, Std)sim = (340, 1320) um?
Log(Area): Dgg = 0.285, pgs = 0

[22]
o

N
o

Relative Area [%]
&

0||II... -

4 8 10

Ratio of Fit Ellipse Diameters [-]
(Mean, Std)exp = (1.86, 0.681)
(Mean, Std)sim = (1.64, 0.594)
Dys =0.234, pgs =0

Fig. 20. Comparison of the experimental (blue bars) and simulated (red bars) distributions of grain area and grain aspect ratio—defined as the ratio of the longer to
shorter diameters of the best-fit ellipse with the same grain area—across the transverse and longitudinal cross-sections for both uniform circular and square laser
beam intensity profiles in laser melting and DED-LB. The vertical axis in each plot represents the percentage of the total cross-sectional area occupied by grains within

each size or aspect ratio bin.

7187



M. Sattari et al.

Journal of Materials Research and Technology 41 (2026) 7168-7194

80 50 P —_—
- I Experimental I Experimental
=60 ElNumerical || <40 | I Numerical
2 © I L__Ll
sz 2 8 30!
S g
© > (]
= B 220
[} E} 20 ©
= 0]
o !
;t, 0 II mll sl BE m- = 10
= QA P D N
au' Q- QO'D NN N ‘L ’1« 0 2 4 6
a Area [pm?] x10% Ratio of Fit Ellipse Diameters [-]
(Mean, Std)exp = (490, 1450) um? (Mean, Std)exp = (1.95, 0.946)
(Mean, Std)sim = (307, 1290) um? (Mean, Std)sim = (1.65, 0.669)
Log(Area): Dgg =0.282, pgs =0 Dgs =0.31, pgs =0
80 60
— I Experimental [ Experimental
= g0 lNumerical || < I Numerical
= © 2o —_—
ER g0
>
k=] 4 <
= 2% <
S = 2
520 &20
g T il &
E 0 I= L - = II
(%]

: O D H P b H & [ [ -
5 RN\ X oY o® N 0 3
a
a Area [,um2] x10% Ratlo of Fit Elllpse Dlameters [-1

(Mean, Std)exp = (398, 1690) um? (Mean, Std)ey = (1.96, 0.846)

(Mean, Std)sim = (335, 1590) um? (Mean, Std)sim = (1.67, 0.61)

Log(Area): Dgs =0.288, pgs =0 Dygs =0.235, pgs =0
Fig. 20. (continued).

Table 3

The difference percentage of the texture index for experimental and simulated
transverse and longitudinal cross-sections of laser melting and DED-LB tracks by
the uniform circular and square laser beam intensity profiles.

Process Cross- Dataset Texture Index Difference
section Percentage [%]

Laser Transverse Experimental ~ +5.1
Melting Numerical +1.4
DED-LB Transverse Experimental —0.1
Numerical -5.3
Longitudinal ~ Experimental = —4.1
Numerical +1.5

laser melting. However, the corresponding texture indices listed in
Table 2 are slightly higher for the square profile. A comparable trend
emerged in the DED-LB investigations when comparing the results
shown in Figs. 17 and 18 for these two beam shapes. Pole figures for both
the transverse and longitudinal cross-sections reveal slightly reduced
peak intensities for the square beam relative to the circular beam, and
the associated texture indices displayed only negligible deviations.
Quantitatively, the percentage differences between square- and circular-
beam induced texture indices are summarized in Table 3. Overall, within
the present case studies, the texture variations attributable to beam
profile are minor, indicating that despite significant differences in melt
pool geometry and thermal conditions, previously reported in Ref. [1],
crystallographic selection mechanisms during solidification are rela-
tively insensitive to variations in the beam profile.

The texture indices measured or simulated (ranging from 1.039 to
1.163) fall within the typical range for single-track AM experiments.
Comparison with literature values reveals consistent trends with other
studies. For instance, Zinovieva et al. [13] reported texture indices
increasing from 1.08 to 1.79 with build height in selective laser melting
of 316L steel. The relatively weak texture in the present single-track
experiments reflects the limited volume of material experiencing
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directional solidification and the influence of the randomly oriented
nucleation and substrate grains.

6.2. Beam shaping effects on grain morphology

In contrast to texture, grain morphology exhibits stronger sensitivity
to variations in the beam intensity profiles. Fig. 21 compares the
measured and simulated grain area and aspect ratio histograms for the
circular and square beam shapes. The circular beam produces finer and
more equiaxed grain structures in transverse sections for laser melting
both experimentally and numerically. The same trend is observed for
DED-LB in the numerical results for both transverse and longitudinal
cross-sections and in the experimental results for the longitudinal cross-
sections. But the corresponding experimental results on the transverse
cross-sections do not follow this trend. Initially, the substrate grains
were visually removed from the experimental cross-sections by esti-
mating the melt-pool boundary from changes in grain size and
morphology. This visual method may have allowed a small number of
fine and equiaxed substrate grains to enter the dataset, modestly
elevating the fine-grain count. As shown in Fig. 18, specifically on the
transverse cross-sections, these grains around the boundary of the melt
pool in the substrate are a bit more numerous for the square laser beam.
Because the numerical model defines the fusion boundary automatically
(not visually), its transverse grain statistics are considered the more
robust reference for evaluating the beam-shape effect in this instance.
With this consideration, the circular beam consistently produces finer
and more equiaxed grain structures. As described in Section 6, this
morphological difference can be attributed to the finding that the
steeper radial temperature gradients in circular beam profiles create
higher cooling rates (G-R) at the solidification front, promoting grain
refinement through increased nucleation rates and reduced growth
times [11].

On the other hand, Fig. 20 shows that uniform square beam profiles
experimentally produce smaller mean grain areas in laser melting and
slightly smaller mean areas in DED-LB. These results are consistent with
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similar findings in literature [16]. However, the significance of beam
shaping effects on grain size clearly decreases from laser melting to
DED-LB, and this trend does not hold in DED-LB by simulation. As
mentioned at the start of this section, uncertainty arising from the in-
clusion of substrate grains in the experimental analysis can be signifi-
cant, whereas the simulations are not affected by this sampling issue.
Furthermore, equiaxed tendency (lower aspect ratio) is process- and
section-dependent: the square beam yields more equiaxed grains in laser
melting but higher aspect ratios (more columnar) in DED-LB, both
experimentally and numerically, compared to the circular beam.
Importantly, mean values of grain area and aspect ratio are poor
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representatives of the full morphology distributions, as rare large out-
liers (e.g., giant columnar grains) disproportionately skew the arith-
metic means and standard deviations.

The thermal-fluid model helps calculate the temperature gradient

(6), which is determined by Ref. [18],

or ot or
ox'dy’ oz )’
On the other hand, in the quasi-steady-state in the laser process,
where the size and shape of the melt pool are stable and do not change
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Fig. 21. (continued).

while the laser beam scans the material, a geometric relationship is
applied between the solidification front velocity (ﬁ) and the laser beam
scanning velocity (V;), expressed as HEH = ||v||-cos 6, where @ is the

angle between the scanning direction and the heat flow direction [18].
Considering the “planar” G as well as R, G/R determines the grain
morphology with a higher value resulting in a more columnar grain,
while G-R representing the cooling rate controls the grain size with a
higher value resulting in smaller grain with narrow dendrite arm
spacing [81,82].

Fig. 22 compares the numerical transverse cross-sections color-coded
by grain area and G-R contour as well as by grain aspect ratio and G/ R
contour for the uniform circular and square beam profiles in laser
melting and DED-LB. The G-R and G/R maps are two-dimensional pro-
jections of these values for cells on the transverse cross-sections at the
moment of solidification within the three-dimensional mushy zone. It is
consistently observed that higher values of the product G- R correspond
to smaller grain sizes across all cross-sections. In the top central region of
the cross-sections—which locates near the melt pool tail—the cooling
rate is lowest (heat is transferred to the yet-warm previously scanned
surface or deposited material), therefore, the largest grains are formed.
In contrast, at the bottom boundaries—where the cooling rate is highest
due to the maximum heat conduction—smaller grains are found. Addi-
tionally, the presence of very fine grains in the substrate contributes to
maintaining smaller grain sizes in the melt track through epitaxial
growth. Regions with higher G/R values promote the formation of
columnar grains, which grow radially inward from the bottom cross-
section (melt pool) boundary toward the center. Conversely, at the top
center of the cross-section—where heat conduction is minimum, heat
flow is symmetric, and the temperature gradient is at a mini-
mum—lower G/R values result in more equiaxed grain structures.

The influence of beam shape is also evident from Fig. 22. That is, the
use of a square beam shape results in 1000 K/s and 100 K/s lower
cooling rates (G-R) in both the laser melting and the DED-LB process,
respectively, which leads to the formation of larger grains at the center
of the cross-section compared to the circular beam shape. Furthermore,
the square beam produces higher G/R ratios in laser melting, which in
turn generates grains with higher aspect ratios throughout the cross-
section. However, in the DED-LB process, these two beam shapes do
not pose significant differences. The influence of beam shaping on both
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G-R and G/R decreases in DED-LB, predominantly owing to the atten-
uating effects of powder feeding—which reduces effective absorptivity
and dilutes incident energy density—and continuous material deposi-
tion, which acts as a dynamic heat sink and homogenizes local thermal
gradients.

These findings confirm that the CA model reliably reflects the ther-
mal fields predicted by the thermal-fluid simulations, demonstrating the
accuracy and consistency of the CA approach with respect to the un-
derlying physical processes.

7. Conclusion

In this study, an optimized high-fidelity computational framework
was developed and validated that couples thermal-fluid dynamics to a
microstructure model for investigating laser beam shaping effects on
solidification microstructure in laser melting and directed energy
deposition (DED-LB). The integrated modeling approach enabled
computationally tractable simulations of full-track solidification while
maintaining the spatial resolution necessary for accurate microstructure
prediction. The key novelties of this approach include CPU-parallelized
grain growth algorithms, spatiotemporal optimization, a fast thermal-to-
CA interpolation scheme, and adaptive CA time-step control.

The optimized thermal-to-CA interpolation, based on pre-computed
Delaunay tetrahedra and barycentric weights with minimum spatial
interpolation and linear temporal interpolation, was numerically iden-
tical to the direct thermal-to-CA interpolation, while reducing interpo-
lation time by about 158 x and total CA simulation time by roughly a
factor of two. CPU-parallelized grain growth exhibits strong scaling up
to 4 cores, achieving an average 3.17 x speed-up (~79% efficiency),
with smaller incremental gains beyond 8 cores due to memory-
bandwidth and overhead limitations.

Through simulation and experimental validation of single-track laser
melting and DED-LB processes using uniform circular and square laser
beam intensity profiles, the model demonstrated excellent predictive
accuracy. Simulated texture indices closely matched experimental re-
sults, with deviations ranging from —0.5% to +10.8%, confirming the
fidelity of the crystallographic orientation modeling. Across all laser
melting simulations, the simulated pole figure patterns and peak in-
tensities were indistinguishable from experiments, with texture index
deviations of just 3.0% (circular) and —0.5% (square). For the more
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Fig. 22. Simulated transverse cross-sections of laser melting and DED-LB tracks, with grains color-coded by area and aspect ratio (longer/shorter diameters of best-fit
ellipse). 2D-projected G-R and G/R maps from the 3D mushy zone at the solidification moment of cross-section cells.

complex DED-LB process, transverse sections yielded deviations of 6.6%
(circular) and 1.0% (square), while longitudinal sections showed de-
viations of 4.6% (circular) and 10.8% (square). Texture index deviations
(<10.8%) fall within EBSD experimental uncertainty, confirming model
fidelity.

The investigation revealed that texture development shows limited
sensitivity to beam profile variations, with texture index differences
between circular and square beams ranging from —5.3% to +5.1%.
These results indicate that, despite varying beam profiles and melt pool
geometries, texture development is primarily governed by epitaxial
growth and similar G/R ratios at the solidification front for both beam
profiles.

However, grain morphology exhibited a stronger dependence on
beam shape. Based on the grain area and aspect ratio distributions,
circular beam profiles consistently produced finer and more equiaxed
grain structures in both laser melting and DED-LB processes, as observed
in both transverse and longitudinal cross-sections. This morphological
refinement is attributed to the mechanism that steeper radial tempera-
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ture gradients in circular beams produce higher cooling rates (G-R),
enhancing nucleation rates and shortening grain growth durations.
Comparing the simulated and experimentally measured distributions of
grain area and best-fit ellipse aspect ratios, the simulation reproduced
experimental distributions with near-perfect fidelity. On the other hand,
uniform square beam profiles experimentally produce smaller mean
grain areas than circular beams in laser melting and slightly smaller
areas in DED-LB, a trend that is generally captured by the simulations,
albeit with weaker and cross-section-dependent differences in DED-LB.
Mean grain area and aspect ratio are, however, poor representatives of
the full morphology distributions, since rare large columnar grains
strongly skew these metrics.

Further analysis revealed that regions with higher G-R values
consistently exhibited smaller grain sizes, while lower G-R val-
ues—typically near the top center of the melt track—led to larger, more
equiaxed grains. A higher G/R ratio was associated with columnar grain
growth, especially from the bottom fusion boundary upward, whereas
large equiaxed grains formed near the surface where temperature gra-
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Fig. 22. (continued).
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