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Surface engineering by additive manufacturing of multi-principal element alloys (MPEAs) has generated signifi-
cant attention recently for the range of remarkable material properties that can be achieved. A challenge exists
in determining the optimum processing parameters for fabricating alloys of various compositions, as they gov-
ern the quality of the deposited material. Nevertheless, only limited models are available to predict the initial
parameter window for the processing parameters. Using AlCoCrFeNi MPEA as a testbed for laser metal deposi-
tion, we present a framework correlating material properties to processing variables coupling predictions from
fundamental molecular simulations and meta-heuristic optimization approaches. A set of dimensionless objective
functions are constructed to connect elemental diffusion and atomic radii to the macroscopic process parameters,
viz., cooling rate, energy density and powder deposition density. Our results suggest that the diffusion coefficient
varies exponentially with cooling rate, when the MPEA assumes a crystalline phase upon solidification due to the
formation of crystal point defects and a high activation energy rate required for diffusion during rapid cooling.
However, the absence of these defects in an amorphous phase of the alloy renders no definitive correlation for
the elemental diffusion coefficients with varying cooling rates. Through a multi-objective cuckoo search opti-
mization, we construct a Pareto front to identify optimal values for processing variables, which concur with the

parameters adopted in the literature for laser cladding of complex alloys.

1. Laser Cladding of MPEAs

Multi-principal element alloys (MPEAs) have gained immense inter-
est over the past decade [1-6] owing to their exceptional phase stabili-
ties and potential for notable mechanical properties at elevated tempera-
tures. Several MPEAs assume a single phase (concentrated and random)
solid-solution lattice structure as either fcc [7], bee [8] or hep [9]. Being
precipitate independent, the lattice distortions and strain hardening in
these solid-solutions promote excellent material properties relative to
conventional (precipitate strengthened) alloys [10]. These advantages
encourage the use of MPEAs for coating applications by surface engi-
neering [11] to significantly improve toughness and wear resistance,
and retard the formation and propagation of cracks.

Laser-deposition based surface engineering with MPEAs is a highly
viable option for its ease of use and multi-material capabilities at larger
scales. Laser metal deposition (LMD), a.k.a. laser cladding or direct laser
fabrication (DLF) [11-25] as illustrated in Figure 1, employs a laser as
the heat source to melt the feedstock (typically powder or wire) by lo-
calized heating to deposit the coating material on the substrate [26].

Albeit the advantages of scalability and compositional gradation in ma-
terial deposition, certain materials challenges — hot tears/cracks re-
sulting from inhomogeneous temperature distribution from rapid heat-
ing/cooling cycles [26-28], poor degree of intermixing at the interface,
and the formation of brittle intermetallics [23] — pose serious problems
for fabricating MPEA clads.

The cracks in the MPEAs deposited by LMD processes arise due to
residual thermal stresses and incompatibility between the substrate and
the powder material, and are predominantly governed by the process-
ing parameters employed during the manufacturing [26-29]. Process-
ing parameters/variables in laser additive manufacturing comprise of
the input thermal energy from the laser power L, (W), scan speed of
the laser V (mm/min or mm/sec) and powder flow rate m (gm/min).
These parameters directly influence the cooling rate employed on the
alloy; the thermal energy input (through L,) and removal (through V).
Together, these effects drive the elemental diffusion, and consequently
the segregation and homogeneity in the clad microstructure. Note that
the cooling rates typically used in additive manufacturing processes
range between ~103 — 10° K/sec [26,30]. Thus, it is vital to deter-
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Figure 1. Illustration of Laser Metal Deposition: A beam of laser shoots at a point on a surface to create a melt-pool, powder is delivered in the melt pool and as the
beam moves away, the molten metal instantly solidifies to form a solid clad, which then continues according to the design to complete the part.

mine the optimal processing parameters for LMD of MPEAs, especially
due to the comparable concentrations of multiple metals present in the
alloy.

Typically, process parameter optimization initiates with a design of
experiments (DoE) in a matrix of the design space with the L,, Vand m as
the primary variables, as elucidated in Figure 2(a). The optimum design
space is then determined iteratively by performing experiments, and
visual and microscopic inspections [26,28]. A few computational ap-
proaches based on machine learning and physics based multi-modeling
techniques [31-33] exist that can optimize the variables after an ini-
tial parametric landscape is stipulated. The literature available in this
technical domain essentially estimates the processing parameters and

residual stresses, predominantly involving thermo-physical properties
[34-37] that are relevant for a deeper understanding of the quality of
the deposit. Here, in addition to considering MPEA as a testbed that
has not been explored extensively in this technical space, we present a
framework to correlate the effects of these processing parameters on the
material properties that germinate at the atomic scale. Success of this
approach will enable a microstructure-controlled additive manufactur-
ing platform for advanced alloys. We propose a framework to directly
correlate the macroscopic processing conditions of the laser deposition
processes to the nanoscale diffusion of the alloy elements, to aid in our
understanding of the melt dynamics, and to predict the initial processing
parameter set. We employ this process parameter predictive framework
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Figure 2. (a) A 3D landscape for the design of experiments (DoE) comprising the laser power (Lp), scan speed (V) and the powder flow rate (m) being mapped onto
(b) a 2D domain composed of effective energy per unit volume (E) and the powder deposition density (P).

for laser cladding of the AlICoCrFeNi MPEA as a testbed, and validate
our results with observations in the literature.

2. Constructing the predictive framework
2.1. Macroscopic Processing Variables

We correlate the macroscopic processing conditions Lp, V, m and t;
(layer thickness) to the atomistic diffusion of the MPEA melt. First, we
perform dimensionality reduction by mapping the 3D space shown in
Figure 2(a) onto a 2D domain illustrated in Figure 2(b) using derived
processing parameters, viz., energy density E (J/mm?3) and powder de-
position density P (g/mm3) [18].

L
E=—"r J 1)
V xd, X t; \ mm3

m d\ [ g
p=—™"__ (22) (=X ®)
Vxd,x t; \d, mm>

Here, d, is the beam diameter of the laser and d, the diameter of
the nozzle for the powder deposition. These derived physical quantities
also facilitate a normalized process modeling for additive manufacturing
using a gamut of machines. These parameters implicitly determine the
rate at which the alloy is cooled (i.e., cooling rate C) from melt to solid,
which in turn contributes towards the potential for crack formation. Ad-
ditionally, we consider the pre-heating temperature of the substrate Tg
since it is important in reducing the cooling rate and aids in mitigating
crack formation [38].

2.2. Material Properties

The material properties of the MPEA, such as the mean atomic ra-
dius R and the overall diffusion coefficient D, significantly impact the
elemental segregation and ultimately the microstructure and properties
of the fabricated clad. We consider the molar average to compute the
D for the alloy to define a mean metric that can represent the intermix-
ing of all the constituent elements. While physical quantities such as
thermal conductivity and specific heat play an important role in deter-
mining the quality of manufactured component, the current framework
is primarily centered on understanding materials behavior and control-
ling the processing parameters related to the mixing and fusion of the
elemental constituents of the alloy melt as it transitions from the liquid
to the solid phase during laser deposition. In that regard, diffusion coef-
ficient of the atoms for the different species present in the melt provides

a credible metric to examine the mixing of the candidate elements to-
wards forming solid-solutions. Maximizing the diffusion coefficient per-
mits an enhanced motion of the atoms in the alloy melt, promoting en-
hanced mixing of the constituent elements and potentially improving
the compositional homogeneity. A smaller atomic radius enables faster
diffusion. On the contrary, minimizing cooling rate is essential to reduce
non-uniform and discontinuous clad tracks, and cracking.

R= ) MR, A3)
D= MD, @
10 1015
= - — = - — —_— . —_ . 2
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Here, M; is the mole fraction of i element (0.2 in our case), R; is
the radius of the it" element, D; is the diffusion coefficient of the it el-
ement, and MSD is the mean squared displacement (;\2) as a function
of time 7. These D predictions are empirically correlated with temper-
ature using an Arrhenius model [39] (equation 6), which enables us to
obtain the temperature independent diffusion coefficient (diffusion pre-
exponential D) of the MPEA for varying cooling rates (with T = 1600
K, approximately 100 K below the melting temperature T,, of the alloy)
[40].

D = Dgjexp (—%) ©6)

Given the wide range for the temperature distributions from melt to
solidification during additive manufacturing processes, we consider the
temperature independent D, in our framework.

2.3. Correlating processing and material parameters

Dimensional analyses of the above defined physical quantities results
in two inter-dependent non-dimensional functions, f; and f,. The under-
lying mathematics (for the units associated with the physical quantities)
involved in constructing these dimensionless quantities is provided as
supplementary information.
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D* and C* represent dimensionless diffusion coefficient and cooling
rate, respectively. Maximizing D, (i.e., minimizing 1/D*), which is the
temperature independent characteristic diffusion coefficient for the al-
loy at a prescribed cooling rate, will permit an enhanced motion of the
atoms in the alloy melt, contributing to superior mixing of the molten
metal and potentially creating clads with single phase solid-solutions.
On the contrary, minimizing C* is essential to reduce non-uniform and
discontinuous clad tracks, and cracking. Note that the correlations are
pair-wise intuitive, e.g., a smaller R will enhance D* while reducing C*,
and so on. Thus, a multi-objective optimization problem is set up where
a potential tradeoff between D, and C, using a Pareto front for f; — f,
mapping, drives the selection of the processing conditions. We use 10 <
E<210J/mm3 &0 < P < 6.9x10"* g/mm? as the processing boundaries
of our problem, based on the commonly adopted conditions for several
alloys in the literature [18,32].

2.3. Multi-Objective Optimization

We employ a multi-objective cuckoo search (MOCS) [41] technique
to minimize our objective functions f; and f,. MOCS is inspired by the
brood parasitism of cuckoo birds that are known for their aggressive
reproduction strategy. The general workflow, described in details as
supplementary information, involves the following basic concepts: (i)
Every cuckoo lays N eggs, which corresponds to N possible solutions
and deposits them in random nests at a given time t. (ii) A probability
function is employed to discard each nest with a probability p, € [0,1]
and generate a new nest with N eggs accounting for the survivability
of the eggs being considered. The nest generation is performed by ran-
dom walk or Lévy flight approaches and these solutions are evaluated at
the same instance. Cuckoo search utilizes the Lévy flight mechanism to

() sin( 22
determine the step length by a Lévy distribution, L(s) = % , (

> 0), with I'(1) being the gamma function. To generate new solutions
x(*1) for nest i, a Lévy flight is performed as x'*! = x! + a @ L(s, p), with
a(>0)= ao(x;. - x?), where the constant « is the step-size scaling factor,
and ® represents the entry-wise product of the parameters. To discard
the nests consisting of the unfavorable solutions, we select a switching
parameter/fraction p, = 0.25, reported previously to describe a minimal
dependence on the convergence of the optimization approach [42].

3. Discussion of the predictions

We employ molecular dynamics (MD) simulations to estimate the
diffusion coefficients of elements in the alloy melt as a function of cool-
ing rate. The use of this computational technique circumvents the chal-
lenges associated with experimental measurements of these properties,
but more importantly offers fundamental insights on the material pro-
cesses during the manufacturing. The details of the computations are
provided as supplementary information. Our choice of interatomic po-
tentials has been validated previously to accurately describe the struc-
tural properties of this five-component alloy [43,44]. We examine the
MSD of the alloy as a function of time to determine the temperature
dependent diffusion coefficients D (at 2200 K, 2000 K, 1900 K, 1600
K) for several cooling rates, with the objective of maximizing the ele-
mental diffusion in the melt to promote enhanced mixing in the alloy
during processing. Nevertheless, the length scale employed in the MD
simulations restricts our computations from analyzing the diffusion in
polycrystalline cases.

3.1. Diffusion pre-exponential (D)

The variation of the MSD with time for the MPEA at various temper-
atures is presented in Figure 3(a), and the corresponding D, predictions
for a cooling rate of 5 x108 K/s are listed in Table 1. Using the Arrhe-
nius model, we obtain the activation energy Q4 and D, from Figure 3(b).
Likewise, the characteristic diffusion coefficients D, for representative

Additive Manufacturing Letters 3 (2022) 100045

possible cooling rates ranging from 2.5 x 108 K/s to ~102 K/s are evalu-
ated and reproduced in Figure 3(c). To assert the accuracy of our results,
we refer to the validation of the crystallographic phases of this MPEA as
a function of the cooling rate reported previously [43,44] with the criti-
cal cooling rate being 2.5 x 10'% K/s. In addition, our predictions of the
diffusion coefficients strongly concur with prior literature [45,46] and
we note a sluggish diffusion, distinctive to MPEAs, reported previously
[40,47].

The predictions for D, emphasize the importance of the crystallo-
graphic phases formed during the cooling, as observed from Figure 3(c).
The scatter in our predictions for the diffusion coefficients is attributed
to the possible sampling errors associated with co-existence of several
elements, and potentially multiple phases, even if small fractions, within
the MPEA. Such a dispersion in data is more pronounced for the amor-
phous material that does not assume a preferential crystallographic
phase. Nonetheless, an exponential correlation (Equation 9) between
D, and C is empirically established for the MPEA when it solidifies into
a crystalline phase. In addition, the minimal change noted in D, with
varying cooling rates corroborates with literature that evinces of slug-
gish diffusion for MPEAs even at low cooling rates [40,47].

Dy=a(C)P +c ©)

where a = 4719 x 107 " p = ~0.013, ¢ =232 x 107722,

However, when the alloy solidifies into an amorphous phase, under
rapid cooling rates > critical cooling rate of 2.5 x 101% K/s, no trends are
identified for the variations in D,. The dependence of diffusion coeffi-
cients on cooling rate in crystalline phases is primarily attributed to the
formation of point defects [48] and the migration/exchange of atoms
through these point defects. As the cooling rate increases, the migra-
tion of atoms in the lattice is effectively suppressed with an associated
high rate of activation energy required [48]. An increased cooling rate
reduces the time for the atoms to re-arrange themselves in the point
defects of the lattice during solidification. Therefore, the point defects,
coupled with the time constraint during cooling, promote the diffusion
coefficients to exhibit a trend similar to that presented in Figure 3(c).
On the contrary, in the amorphous phase the atoms can move within
the alloy unconstrained to any lattice sites.

MD simulations are limited on the cooling rates that can be imple-
mented in the computations to generate predictions within a reasonable
time. Nevertheless, analogous to the linear regression models adopted
previously [49], we extrapolate predictions for D, at lower cooling rates
from equation (9). A wide array of plausible results populated at ran-
dom intervals are presented in Figure 4, which describe a representative
set of combinations for functions f; and f.

3.2. Pareto Optimal Solution

The quality of the MPEA clad (i.e., reduced occurrences of cracks
and their propagations) can be improved by minimizing both the in-
verse of the dimensionless diffusion coefficient 1/D* and the dimen-
sionless cooling rate C* functions using the MOCS. This interplay of
the contrasting material and process parameters effectively leads to a
Pareto front as identified in Figure 4. The trade-off factor (0 < w < 1)
for balancing the objective functions f; and f, can be represented as
f=)f, + (1 —w)f,. The trade-off factor assists us to ascribe relative
importance to the material and processing parameters to obtain the de-
sired optimal solutions.

We interrogate the MOCS algorithm to ascertain optimum predic-
tions for E, P and cooling rate. We consider the limiting boundaries for E
and P, typically used for laser deposition of metals, as highlighted above.
Since the minimum cooling rate yields a maximum diffusion coefficient,
we obtain an optimal cooling rate of 10* K/s, in agreement with liter-
ature on LMD processes [27,50], which offers a preliminary validation
of the predictive framework. Next, to identify the optimum process pa-
rameters, we narrow the plausible processing conditions based on the
trade-off factors adopted for initial generations of nests (between 0.21
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Figure 3. (a) Mean squared displacement as a function of simulation time to estimate the diffusion coefficient as a function of the melt temperature. (b) The variation
of the natural logarithm of diffusion coefficients D with the inverse of temperature aids in estimating the activation energy and the temperature independent diffusion
coefficient (i.e., diffusion pre-exponential D). (c) The diffusion coefficient D, (temperature independent) as a function of the cooling rate for crystalline and amorphous
phase formations.

Table 1
Diffusion coefficients as a function of temperature, the activation energy and the temperature independent diffu-
sion coefficient (diffusion pre-exponential) for the AlCoCrFeNi MPEA melt.

Cooling Rate C (K/s)  Temperature T (K)  Diffusion coefficient Activation Diffusion Pre-Exponential
D (m?/s) energy Q, (kJ) D, (m2/s)
5x 108 2200 7.36 x10° 51.78 1.25 x 107
2000 5.49 x10°
1900 4.77 x10°
1600 2.54 x10°
< w < 0.55), and continue the iterations. This procedure ensures both Table 2
f; and f, are minimized. Upon successive iterations implementing the Powder deposition density (P) and energy density (E) predic-
desired trade-offs, any combination of the objective functions that lie tions obtained from Cuckoo Search for a range of trade-off
on the Pareto front represents an optimal solution. The results from this (0.21 < w < 0.55) between the objective functions f; & f,.

predictive framework for AlICoCrFeNi MPEA, listed in Table 2, strongly
align with those reported in the literature (as compared in Table 2) [51-
54] for energy densities ranging between ~40 < E < 115 J/mm?3. Our 0.21  0.000439 104.89
framework can be adapted to any material system, provided the diffu- 024 0.000583 114.00

w P (gm/mm?) E (J/mm3) E (J/mm?3) (Literature)

- . . - - . 0.28  0.000489 79.94 76.92 [53]

sion coefficients as a function of cooling rates are estimated a priori. 031 0.000683 04.52

In addition, our model can be tailored for a variety of metal deposi- 0.34  0.000463 54.80 57.69 [52,54]
tion processes by incorporating the specific processing parameters tun- 0.38  0.000467 47.59 47.1 [51]
able in the machine. These possibilities include the beam diameter (dj,), 0.41  0.000673 59.38 57.69 [52,54]
nozzle diameter (dy), the high/low limits of laser power, scan speed, g'ig g'gggzgz if'gg 47.1151]
which constitute the fundamental variables for E and P. These machine 052 0.000689 40.02
specific parameters can be adopted as an alternate for the variables in 0.55  0.000690 40.00

the objective functions to search and obtain a range of conditions for
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Figure 4. Plausible solutions for f; and f, based on the exponential correlation of D, and cooling rate are used to identify the Pareto front, and subsequently the

pareto optimal solutions through the multi-objective cuckoo search approach.

the initial DoE to serve as a starting point for any metal additive manu-
facturing process.

4. Summary

We present a framework to predict the processing parameters for the
laser additive manufacturing as they govern the quality of the deposited
clad. Our model can directly correlate the microscopic material proper-
ties like diffusion coefficient, to the macroscopic processing conditions
like cooling rate, energy density and powder deposition density. A di-
mensional analysis enables us to construct two interdependent objective
functions that are to be minimized to enhance the quality of the clad and
prevent cracking. We employ MD simulations to evaluate the diffusion
coefficients of the MPEA for a range of cooling rates between 2.5 x 108
K/s to ~10'2 K/s. We find the diffusion coefficient to vary exponen-
tially with cooling rate when the alloy solidifies into a crystalline phase
(for cooling rates < 2.5 x 1010 K/s). This dependency is attributed to
the migration/exchange of atoms between the point defects that occurs
during solidification. On the contrary, the diffusion coefficient for an
amorphous structure is independent of the cooling rate (> 2.5 x 1010
K/s). We use this exponential correlation with a multi-objective cuckoo
search algorithm to identify optimal processing conditions through a
Pareto front. Minimizing the objective functions promotes an enhanced
motion of the atoms in the liquid melt by maximizing the diffusion and
retarded cooling rates. All plausible processing conditions that adhere
to Pareto optimal solutions can produce a high quality clad. We validate
our model with AlCoCrFeNi MPEA as a testbed, with our results viz., 40
< E <115 J/mm?, in excellent agreement with reports in the literature.
Besides AlICoCrFeNi MPEA, our framework can estimate the process pa-

rameters for any material system, provided the diffusion coefficients as
a function of cooling rate are estimated a priori.
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