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Abstract
Spatial heterogeneity in microstructure presents a significant challenge for part qualification in metal additive manufacturing, 
particularly when relying on physically accurate computational models to replace costly trial-and-error testing. Reliable struc-
tural simulation needs a large amount of offline data and several very expensive forward runs to learn the most appropriate 
material model parameters. This work introduces a systematic framework for accurately calibrating crystal plasticity (CP) 
material law parameters using limited characterization data. The calibrated CP law is validated through blind predictions 
of mechanical responses in laser powder-bed fusion Inconel 625 (IN 625) tensile coupons across varying build orientations 
and strategies. Two surrogate modeling approaches—a higher-order proper generalized decomposition (HOPGD) and a 
novel interpolating neural network (INN)—are evaluated for their ability to approximate full-field simulations. The study 
presents an adaptive sampling strategy to efficiently utilize an offline database and outlines a methodology for represent-
ing microstructure from sparse characterization inputs. Results demonstrate that the differentiable INN surrogate achieves 
accurate calibration with significantly reduced data requirements and avoids reliance on computationally expensive genetic 
algorithms. Both surrogate models exhibit strong predictive performance, and the proposed workflow was instrumental in 
winning the 2022 NIST Additive Manufacturing Benchmark Challenge.

Keywords  Additive manufacturing · Reduced-order model · Crystal plasticity · Build orientation · Interpolating neural 
network · Proper generalized decomposition

Introduction

Three-dimensional printing of metallic alloys has revolu-
tionized the manufacturing science landscape [1–3]. Laser 
powder-bed fusion (LPBF) is a major class of metal 3D 
printing technology [4]. In LPBF, consecutive layers of 
metal powders are spread, and each layer is melted with a 
laser beam that traces the geometry of a specific part. After 
each layer of powder is melted, a new layer is re-coated, and 

the process repeats until the part is finished. The continu-
ous melting, solidification, and remelting of metal powders 
give rise to complex non-equilibrium multiphysics and mul-
tiscale physical phenomena [5–8]. As a consequence, the 
microstructure exhibits unique features after solidification 
[9–11]. An important feature is the directional solidification 
of LPBF alloys [12, 13]. This imparts variation of mechani-
cal properties with respect to the build direction [14–16]. 
The nature of this variation with build direction is, in turn, 
dependent on the process parameters such as scan speed, 
laser power, hatch spacing, and scan strategy [17–19]. This 
opens up a large materials design and optimization land-
scape. However, this also means that the design of LPBF 
metal alloy is a high-dimensional problem with numerous 
sources of uncertainty. Therefore, the Edisonian trial-and-
error approach to finding the most suitable design space for 
LPBF is prohibitive.

Computational methods to analyze, design, and quantify 
uncertainties in the LPBF process have become very popu-
lar. Several studies proposed a process–structure–property 
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linkage via computational methods [20, 21]. These linkage 
studies resort to a wide array of methods, including com-
putational fluid dynamics (CFD) [22–24], finite element 
method (FEM) [25, 26], cellular automata (CA) [27, 28], 
kinetic Monte Carlo (kMC) [29], and crystal plasticity finite 
element or Fast Fourier Transform (FFT) methods [30, 31]. 
However, all of these computational methods are relatively 
expensive when performed at the spatiotemporal resolution 
of experiments. This poses two challenges: a) calibrating 
the physical parameters of the models becomes extremely 
time-consuming ([31] shows 3.6 h of calibration time with 
a genetic algorithm), and b) a real-time prediction of the 
system response is extremely difficult to obtain. This article 
aims to establish a connection between microstructure and 
properties. Thus, this discussion will focus on the challenges 
in calibrating models based on microstructure, as well as 
the solutions suggested in this article to explore innovative 
calibrating strategies to model the directional dependence of 
the mechanical properties in LPBF IN 625 alloys.

Material laws based on crystal plasticity (CP) are widely 
utilized to define the microstructure–property relationship in 
multiscale simulations based on continuum mechanics [32, 
33]. What makes this material law distinctive is its ability to 
model plastic slip deformations and dislocation interactions 
at the crystallographic level within a continuum setting. 
However, CP material laws usually have multiple parameters 
to be calibrated [30, 34]. These parameters are calibrated by 
an experiment (usually a limited number of uniaxial tensile/
compressive tests) [35, 36]. The calibration requires match-
ing the model response with experimental results by varying 
the model parameters. The process demands numerous time-
consuming forward simulations. The usual trend is to use a 

surrogate model to replace the expensive forward simulation 
[37, 38]. Different surrogate models are proposed, includ-
ing higher-order proper generalized decomposition [30], 
artificial neural network [39], Gaussian process regression 
[37], reinforcement learning method [40], and curve fitting 
[41]. Modelers also need to select an optimization algorithm 
alongside the surrogate, such as a genetic algorithm [35, 42] 
or a gradient-based method [31]. This process of calibration 
faces two challenges: a) without a proper sampling strat-
egy, the amount of data required to develop the surrogate 
can be huge, and b) the use of gradient-free optimization is 
extremely time-consuming. Consequently, it is essential to 
develop a method that a) demands considerably less sam-
pling data, and b) is differentiable, thereby allowing for the 
application of gradient-based optimization techniques. The 
present work addresses this gap by demonstrating a novel 
adaptive sampling strategy along with data-driven, efficient, 
and differentiable surrogate model.

An overview of the work presented in this article is shown 
in Fig. 1. The article discusses how to use the microstructure 
characterization and mechanical testing data systematically, 
produce representative microstructure, apply innovative cali-
bration strategies suitable for sparse datasets, and determine 
the mechanical response for unseen cases. Due to the uncer-
tainty in the manufacturing dataset, the National Institute 
of Standards and Testing (NIST) Additive Manufacturing 
Benchmark Challenge 2022 dataset is used for calibration 
and benchmarking the solution. The current work proposes 
two different surrogate models for calibrating the material 
law: (a) higher-order proper generalized decomposition 
(HOPGD) [43, 44] and (b) a novel deep learning method 
called interpolating neural network (INN) [45] combined 

Fig. 1   Overview of the data-calibration-prediction workflow presented in the article
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with an adaptive sampling strategy for calibrating the CP 
material law parameters. Using the calibrated CP param-
eters, an FFT-based solver [46] is applied to predict the 
mechanical properties of IN 625 built with two different 
scan strategies and along different orientations compared 
to the build direction. This article is organized as follows: 
Sect. Benchmark Data from NIST AM Bench 2022 briefly 
discusses the experimental calibration data. Computational 
Method section goes into the details of the computational 
aspects of the study. Results section presents a compara-
tive discussion between INN and HOPGD and the effects 
of scanning strategy and build direction on the mechanical 
response of IN 625 coupon.

Benchmark Data from NIST AM Bench 2022

Benchmark experimental data for this work are taken from 
the National Institute of Standards and Technology (NIST) 
Additive Manufacturing Benchmark Challenge 2022. A 
comprehensive discussion on the challenge is provided in 
[47]. The article limits the discussion to highlight the impor-
tant points only. The goal of providing a very limited set of 
experimental data is to ensure that the calibrated computa-
tional models work in unforeseen scenarios.

Inconel 625 is used as the manufacturing material. Moser 
et al. [47] provided more details on the powder composition 
of IN 625. The parts are built on 252mm × 252mm 1045 steel 
alloy build-plate with low velocity N2 cover gas. No post-
build heat treatment is applied. The manufacturing param-
eters are: infill laser power 195 Watt, infill scanning speed 
800 mm/s, contour laser power 100 W, contour scanning 
speed 900 mm/s, layer thickness 20 � m, and hatch spacing 
100 � m. Two different scanning strategies are used to build 
parts as shown in Fig. 2a. The XY-scan strategy implies that 
the laser is alternately scanned in the X and Y directions 
(perpendicular to each other) for subsequent build layers. 
The X-scan strategy implies that the laser only travels back 
and forth along the X direction. Mini tensile specimens are 

cut from the manufactured blocks (dimensions are shown 
in Fig.  2b) using wire electrical discharge machining 
(EDM). The orientations of the mini tensile specimens are 
00, 300, 450, 600, and 900 with respect to the build direction. 
Four such specimens are cut from each block for each mate-
rial condition, and there are three blocks in total per condi-
tion. The dimensions of the tensile coupons are according to 
ASTM E8 standard and are presented in Fig. 3.

The microstructure characterization information, such 
as Electron Backscatter Imaging (EBSD), X-ray computed 
tomography, and high-energy X-ray diffraction, is provided 
in the dataset. However, for this work, only EBSD charac-
terization data are used. Figure 4 exhibits a sample of the 
EBSD tile provided by NIST. EBSD is performed on three 
orthogonal planes from a block manufactured by each scan 
strategy. More details on the EBSD acquisition parameters 
can be found in [47]. However, the X-scan strategy shows 
strong 101 pole alignment with the build direction, whereas 
the XY-scan strategy shows a mix between 001 and 101 
poles.

Tensile testing experiments are conducted at room tem-
perature. A nominal strain rate of 0.001s−1 is applied until 
failure on an MTS 858 Mini Bionix II servo-hydraulic load 

Fig. 2   a X and XY scanning strategies for building IN 625 samples. b Different orientations of the mini tensile coupon cut from the build [47]. 
0
0 means the tensile axis is along the build direction

Fig. 3   Dimensions (in mm) of the mini tensile coupons used for pre-
diction. Adopted from [47]
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frame under displacement control. Prior to mechanical test-
ing, all measurement devices were calibrated to ensure accu-
racy. The linear variable differential transformer (LVDT) 
and a load cell rated for 25 kN were calibrated, with the cali-
bration report indicating a maximum error of 0.32% in ten-
sile measurements within the operational range of 0%–60% 

of the load cell capacity. The extensometer used for displace-
ment measurements was calibrated using an Epsilon Model 
3590VHR Displacement Calibrator. This procedure verified 
measurement accuracy across the full extension range, with 
a maximum error remaining below 1% [47].

Fig. 4   Electron Backscatter 
Diffraction (EBSD) characteri-
zation for X and XY scanning 
strategies [47]. Build direction 
is the reference direction for 
the IPF

Fig. 5   Uniaxial tensile test 
data for calibration (XY-scan 
strategy and loading along the 
build orientation). “A-XY.B-
C” stands for A degree tensile 
orientation, XY-scan strategy, B 
block number, and C specimen 
number [47]
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A set of 12 uniaxial tensile test experiments are provided 
for calibration. Figure 5 shows the true strain vs true stress 
curves for the calibration case with XY-scan strategy and 00 
orientation. The mean of this set of stress–strain data is used 
as the target for calibration.

Computational Method

This section will first discuss the steps required to gener-
ate representative microstructures from characterization 
data and the strategies to model the directional nature of the 
grains with respect to the loading direction. The discussion 
continues to elaborate on the CP material law and param-
eters that need to be calibrated. Calibration methodology, 
including a brief introduction to HOPGD and INN, is added 
at the end.

Microstructure Generation

Statistical features extracted from EBSD analysis are used to 
reconstruct a representative microstructure. The voxel-based 
microstructure is generated using the DREAM3D software 
suite [48]. To ensure physical fidelity, the reconstructed 
microstructure satisfies several key constraints: (1) It reflects 
the mixed elongated and equiaxed grain morphology typi-
cal of LPBF structures, (2) the voxel resolution is sufficient 
to capture the smallest grains, (3) the domain size is large 
enough to represent bulk mechanical behavior, and (4) the 
crystallographic texture is accurately incorporated.

The NIST Additive Manufacturing Benchmark Dataset 
provides EBSD data for both X- and XY-scan strategies on 
the XY and YZ planes. Since loading is applied along the 

Z-direction, statistical features from the YZ plane are pri-
marily used, while the XY-scan data inform the grain aspect 
ratio. Key statistical descriptors used in reconstruction are 
shown in Fig. 6. Grain size statistics, including maximum 
and minimum equivalent spherical diameters, are used to 
match a log-normal distribution in DREAM3D, ensuring 
consistency with experimental averages. Grain elongation 
is incorporated via aspect ratio, and texture information is 
directly imported from.ang files.

To model the effect of build orientation, a large repre-
sentative cube is first generated. Smaller sub-volumes are 
then extracted at specific angles (e.g., 30◦ , 45◦ , 60◦ , and 
90◦ ) to simulate different orientations. Figure 7a and b 
illustrates a sample reconstructed microstructure. Figure 7a 
shows grains colored by IPF on two orthogonal planes for 
the X-scan specimen. It is apparent from the figure that the 
reconstructed microstructure is able to capture the elongated 
grains in the structure. Note that the reconstructed micro-
structure is a scaled-down version of the EBSD represen-
tation. Hence, the grains are more pronounced. Figure 7b 
presents an example of RVE used in this work for 30◦ rotated 
sample from the X-scan build. The RVE is a 1000� m cube. 
A closer look reveals that the grains are extended at an angle, 
capturing the effect of build orientation.

Each voxel represents 5 � m physical dimension. Numeri-
cal tests confirm that a cube with 1000 � m sides is sufficient 
to capture microstructural variability. Depending on orien-
tation, the final microstructures contain between 770 and 
1131 grains.

Fig. 6   Microstructural features considered to generate the representative structure with build direction
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Material Law and Calibration Process

Crystal plasticity material law uses local deformation gradi-
ent, F , which is multiplicatively decomposed, and the indi-
vidual contributions are written as,

Fe and Fin are the elastic and inelastic parts of the defor-
mation gradient, respectively. The deformation gradient is 
related to the elastic material law by

where Ee is the elastic Green–Lagrange strain, Se is the sec-
ond Piola–Kirchhoff stress, CSE is the fourth-order elastic 
stiffness tensor, and I2 is the second-order identity tensor. In 
this article, Fin = Fp is assumed where Fp is the plastic part 
of the deformation gradient. The plastic deformation gradi-
ent can be written in terms of the plastic velocity gradient 
by Lp = Ḟp

⋅ (Fp)−1 . The plastic shear rate 𝛾̇𝛼 in slip system 
� is given by,

(1)F = Fe
⋅ Fin

(2)Se = CSE ∶ Ee =
1

2
CSE ∶

[
(Fe)

T
⋅ Fe − I2

]
,

Here s(�)
0

 and n(�)
0

 are the unit vectors defining the slip direc-
tion and slip plane normal for slip system � in the unde-
formed configuration. Nslip is the number of active slip sys-
tems (active slip systems for FCC system can be found in 
[49]), and ⊗ is the dyadic product. The resolved shear stress, 
� (�) on the slip plane is written in terms of the plastic shear 
rate 𝛾̇ (𝛼) . The resolved shear stress is given by,

� is the Cauchy stress, s is the slip direction, and n is the 
slip normal.

(3)L(p) =

Nslip∑

𝛼=1

𝛾̇ (𝛼)
(
s
(𝛼)

0
⊗ n

(𝛼)

0

)
.

(4)𝜏 (𝛼) = � ∶
(
s(𝛼) ⊗ n(𝛼)

)

(5)� =
1

Je

[
Fe

⋅ Se ⋅ (Fe)T
]

(6)s(�) = Fe
⋅ s

(�)

0

Fig. 7   a Comparison between the reconstructed microstructure of X-scanned and build-oriented specimen, and EBSD result, and b representa-
tive volume element of a 30-degree oriented sample
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Je is the determinant of Fe . The hardening term 𝛾̇ (𝛼) is 
updated by

Here 𝛾̇0 is a reference shear rate, and m is the exponent 
related to material strain rate sensitivity. The deformation 
resistance shear stress �0 and back stress a(�) are expressed as

where � is a slip system, H and h are direct hardening coef-
ficients, R and r are the dynamic recovery constants, and q�� 
is the latent hardening ratio. q�� is given by

Here � is a latent hardening parameter. To solve the equilib-
rium equations with the CP material law, this work uses an 
in-house FFT solver. More details on the algorithm followed 
in this article are provided in [46] and [50]. Furthermore, the 
exact implementation of the solver by the authors on similar 
problems is found in [30].

(7)n(�) = n
(�)

0
⋅ (Fe)−1.

(8)𝛾̇ (𝛼) = 𝛾̇0

||||||

𝜏 (𝛼) − a(𝛼)

𝜏
(𝛼)

0

||||||

(m−1)

sgn

(
𝜏 (𝛼) − a(𝛼)

𝜏
(𝛼)

0

)
.

(9)𝜏̇ (𝛼) = H

Nslip∑

𝛽=1

q𝛼𝛽
|||𝛾̇

(𝛽)||| − R𝜏(𝛼)
Nslip∑

𝛽=1

|||𝛾̇
(𝛽)|||,

(10)ȧ(𝛼) = h𝛾̇ (𝛼) − ra
|||𝛾̇

(𝛼)|||,

(11)q�� = � + (1 − �)��� .

A summary of the CP parameters used in this work, 
and their physical significance is in Table 1. In the current 
work, 𝛾̇0 , �0 , m, H, h, and � (which is an internal variable 
(see Table 1)) are calibrated. Other parameters are either 
taken from [51] or literature. The parameters are chosen: 
a) to faithfully capture hardening for uniaxial loading and 
b) using heuristics and experience from previous work to 
reduce data generation by excluding less important param-
eters. As suggested in Table 1, 𝛾̇0 , �0 , H, h, and m will 
control the hardening and yield behavior. � is chosen to 
faithfully model the back-stress evolution in the case of 
repeated loading. However, this last term is not manda-
tory to calibrate for the problem solved in this article and 
could have been excluded. Moreover, R and r are not con-
sidered as these parameters become more important for 
cyclic loading. Determining these six parameters poses 

Fig. 8   Flowchart showing the calibration procedure

Table 1   A summary of crystal plasticity parameters

Material property Significance

C1111 Elastic constant
C1122 Elastic constant
C2323 Elastic constant
𝛾̇
0

Reference shear rate
m Hardening exponent
�
0

Resolved shear stress at yield
a
0

Initial back stress
H,h Hardening factor
R,r Recovery factor
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an optimization problem to match the computed tensile 
response with the experiment by varying the simulation 
parameters. If the calibration parameters are expressed as 
p = {𝛾̇0, 𝜏0,m,H, h, 𝜅} , the true stress along loading direc-
tion � , and the true strain is � , the optimization problem 
looks like,

Here J is the objective function. For this work, J is the mean 
squared error between the experimental and computational 
stress values.

An overview of the calibration steps is shown in Fig. 8. 
EBSD statistics are used to generate a representative volume 
element (RVE) for calibration. EBSD data from the XY-scan 
strategy are used to generate the RVE. The RVE for calibra-
tion is not of the same size as the RVE for prediction. A 
cubic RVE of dimension 750�m is used for calibration. The 
calibration sample had 321 grains. The size is determined 
by increasing the RVE dimensions 500, 750, 1000, and 1125 
� m, and observing that beyond 750 � m, material response 
does not vary more than 5%. With this trade-off, the compu-
tational time to generate calibration samples is reduced. To 
determine the values of the simulation parameters, the for-
ward model needs to be run several times, which is computa-
tionally prohibitive. Therefore, an accurate and differentiable 
surrogate model is required. Current work considered two 
methods to build the surrogate models, HOPGD and INN. 
Using an FFT-based computation method, an offline data-
base is prepared to build the surrogate model. The surrogate 
is used instead of the full field model to minimize J. Once a 
reasonable agreement between predicted and experimental 
stress values is obtained from Eqn. 12, the parameters are 
considered to be calibrated.

Higher‑order Proper Generalized Decomposition 
(HOPGD)

The first surrogate model used in this work is based on 
the Higher-Order PGD (HOPGD) [43, 44]. The basic idea 
behind the HOPGD is the separation of variables. For a 
d-dimensional function f (�1,�2, ...,�d) , expressing the 
quantity of interest as a function of parameters �i|i=1,d ∈ Di , 
the separation of variables results in the following form

Where f n is an approximation of f, n is the rank of approxi-
mation, and m denotes the mth mode. The superscripts 
n, m are counting indices, not exponents. The n-rank 

(12)p∗ = arg min
p

J
(
�computed(�, p), �experiment(�)

)
.

(13)

f (�1,�2, ...,�d) ≈ f n(�1,�2, ...,�d)

=

n∑

m=1

Fm
1
(�1)F

m
2
(�2)⋯Fm

d
(�d).

approximation, f n , is given by the finite sum of products of 
the separated functions/modes: Fm

i
|i=1,d , which are a priori 

unknown and should be obtained either with a pre-computed 
offline database [31, 43, 44, 52–54] or by directly resorting 
to physical models [55–60]. The HOPGD relies on a pre-
computed offline database. The database can be either from 
simulations or experiments. Once the database is obtained, 
the HOPGD can learn with data to compute the mode func-
tions Fm

i
|i=1,d , which can reproduce (or extrapolate) the full 

parametric function f. Detailed implementation and a shared 
code can be found on the GitHub website [61].

In this work, the HOPGD is used to approximate the para-
metric stress–strain relationship for speeding up the calibra-
tion process, which can be written as

where pi = p1, p2, ..., p6 are the parameters p = 
{𝛾̇0, 𝜏0,m,H, h, 𝜅}.

We remark here that the HOPGD model used in this work 
because it is relatively cheap to evaluate and optimize using 
the gradient descent algorithm. Moreover, the authors have 
used this method to participate and win an award in the 
NIST AM Bench 2022. The article aims to elaborate on that 
process and test whether the newly proposed INN algorithm 
can achieve a similar efficacy as HOPGD.

Interpolating Neural Network (INN)

Interpolating neural network (INN) is the second surrogate 
model development method used in this work. This is a 
novel network architecture that unifies machine learning, 
interpolation theory, and tensor decomposition (TD) [45]. 
Similar to HOPGD, INNs are based on the multiplicative 
decomposition of the input parameter domain, assuming the 
variation of each parameter can be captured with one-dimen-
sional functions. However, INNs add more flexibility to the 
approximation and provide more general network architec-
ture [45]. INN is the result of a series of developments of 
Hierarchical Deep Learning Neural Network (HiDeNN) 
[62], convolutional HiDeNN [63, 64], and HiDeNN-TD 
[65]. INN’s learning capability considerably outperforms 
machine learning perceptrons (MLPs) when the dataset is 
sparse, making it a suitable candidate for calibrating mate-
rial laws.

INN consists of three steps: 1) discretize each input 
parameter domain with a set of nodes, and represent it as a 
graph, 2) conduct message passing to construct interpolation 
functions on each graph node, and 3) optimize the nodal val-
ues (or the coordinates if needed) against a problem-specific 

(14)

�HOPGD = �n(�, p1, ..., p6) =

n∑

m=1

Fm
�
(�)Fm

1
(p1)⋯Fm

d
(p6)
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loss function. In this article, we use the mean squared error 
(MSE) loss function for supervised learning tasks.

Figure 9 illustrates an INN in the three-dimensional 
input domain. However, one can readily generalize to 
an arbitrary number of input–output dimensions. Given 
that an Euclidean three-dimensional space is discretized 
with non-overlapping segments, one can convert it into a 
graph where each graph node stores nodal coordinates x(j) 
and nodal values u(j) (the superscript (j) denotes the node 
index). The graph edge e(j,k) stores indices of segments 
that are connected to the edge linking nodes j and k. The 
transformation of an Euclidean mesh into a graph is widely 
recognized in the literature [66–68].

Once the graph is constructed, the INN message passing 
generates interpolation functions on each graph node. A 
single-step message passing typically generates Lagrange 
polynomials. For instance, a step-1 message passing 
( q = 1 ) with single connectivity ( s = 1 , or hop) returns a 
linear interpolation function at each node:

where Ns(j) is the set of nodes surrounding the center node 
j with s connections. They are equivalent to the standard 
linear finite element shape functions.

One can systematically conduct Q-step message pass-
ing to build more adaptable and higher-order interpola-
tion functions. Consider a step-2 message passing ( q = 2 ) 
with s = 2 connectivity that builds nonlinear interpolation 
functions with quadratic ( p = 2 ) polynomial reproducing 
order:

(15)N[q=1](j)(x) = M
q=1(x(j), {x(k), e(j,k)|k ∈ N

s=1(j)}),

At this time, the interpolation function N[q=2](j)(x) is build 
upon its previous version N[q=1](j)(x) with enlarged neighbor 
domain Ns=2(j) . The connectivity (or so-called patch size in 
[45, 63]) and polynomial order p are the key hyperparam-
eters that define the interpolation functions. Details on this 
message passing operation can be found in [45].

When an input x ∈ ℝ
I enters the network, each graph 

node computes the interpolation function value N[Q](j)(x) 
and multiplies it with its nodal value u(j) . The graph-
level readout operation returns the network output: 
u(x) =

∑J

j=1
N[Q](j)(x)u(j) . Assuming that the nodal coor-

dinates (the Euclidean mesh) are fixed, the only trainable 
variables are the nodal values, u(j).

The computational complexity of the message pass-
ing scales exponentially with the input dimension I. One 
precise and mathematically well-developed reduced-order 
representation of such high-dimensional interpolation is 
the tensor decomposition (TD) [45, 65], where we trans-
form the higher-order interpolation into one-dimensional 
interpolations. Interested readers may refer to [45] for 
more discussion.

This work uses INN as a supervised learning algorithm 
to construct a surrogate model. Suppose that there are K 
labeled experimental data for supervised learning: (x∗

k
, u∗

k
) , 

k = 1,⋯ ,K  ; and x∗
k
∈ ℝ

I , u∗
k
∈ ℝ

L . The mean squared 
error (MSE) can be used for training:

(16)
N[q=2](j)(x) = M

q=2(x(j), {x(k), e(j,k)|k ∈
N

s=2(j)},N[q=1](j)(x), p = 2).

(17)minimize
U,X

loss(U,X) =
1

K

∑

k

(u(x∗
k
) − u∗

k
)2.

Fig. 9   Schematic of INN, 
redrawn from [45]
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Here U and X are the sets of nodal values and coordinates, 
respectively. Both are trainable; however, it is more practical 
to fix the nodal coordinates X and train only for the nodal 
values U given that the input space is appropriately sampled. 
We followed this strategy with an adaptive sampling strategy 
(detailed in 3.5).

Once the forward surrogate model is trained, a calibra-
tion task is defined as an optimization problem:

where we want to find out input parameters x∗ that returns 
observed outputs u∗ . It is worth noting that the INN architec-
ture is fully differentiable, like other neural network models, 
making it suitable for gradient-based optimization for the 
calibration task. The calibration framework can be written 
as:

where J is the calibration loss function, and p is the param-
eters to be calibrated. Sampling points in the strain are the 
same for each iteration of the forward pass. The sampling 
mismatch between the experiment and forward passes is 
compensated using linearly interpolated values of stress in 
the experimental set (as these are of higher fidelity) to match 
with computational sampling.

Sampling Strategy for Offline Database

An adaptive sampling strategy is followed in this work, 
which was first proposed by [44]. The technique is a sophis-
ticated grid search method with adaptive updates. In gen-
eral, for a parameter space D (usually large enough), the 
aim is to limit the required number of sampling points in 
the parameter identification procedure, thereby reducing 

(18)x∗ = argmin
x

1

K

∑

k

(u(x) − u∗
k
)2,

(19)x = {�, p},

(20)u(x) = �(�, p),

(21)J =
1

K

∑

k

(�INN(x) − �(�)
Exp

k
)2,

the number of offline full-field simulations. The idea con-
sists of incrementally enriching the database and using the 
optimization results to guide the sampling. This results in 
an adaptive sparse grid in D and is suitable even for a very 
high-dimensional space. This sampling method is applied 
for both HOPGD and INN surrogate construction. The main 
procedure is presented below with the help of Fig. 10.

•	 Start from the predefined space D , sample the central 
axes of the space by adding two points at the extremi-
ties of each axis and one point at the center. In a two-
dimensional space, this axis sampling results in a sparse 
grid of 5 points, as shown in Fig. 10a. Analogically, for 
an n-dimensional space, this number of points is 2n + 1 , 
which scales only linearly with n. This is advantageous 
for very high-dimensional cases. In the context of the 
current work, there are six calibration parameters.

•	 With the first level sampling, an initial surrogate model 
is constructed, and the first round of optimization is per-
formed following Sect. 3.2. This optimization can be 
done with a gradient-based algorithm (e.g., Sequential 
Quadratic Programming (SQP)) with a multi-start strat-
egy [44] (followed by HOPGD) or directly using a gra-
dient descent algorithm for finding the global optimum 
(followed by INN) [45]. An example of this is indicated 
by a red point in Fig. 10a.

•	 Since the quality of the surrogate model depends on the 
amount of data (i.e., grid), most often only one level 
of sampling is not sufficient. Further refinement of the 
sampling space D is needed, and a repetitive check is 
performed to determine the quality of the surrogate. The 
idea is to go into a sub-level of the space, where the 
global optimum is located, then perform the axis sam-
pling in that subspace, see, e.g., Fig. 10b. The global 
optimum will be changed with the updated surrogate 
model or stay close to the previous one. Depending on 
whether convergence is reached, the space can be further 
sampled in the same way or considered as the final one. 
In Fig. 10, convergence is assumed to be reached at level 
3 for visual explanation.

Fig. 10   Adaptive sampling 
strategy for data generation. 
Black: sampling points (data), 
Red: current optimum. [44]
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Optimization at each level has to be done with initial guesses 
of the parameters randomly chosen in the global space D , 
even though the data enrichment is locally performed. For 
each local iteration, the acceptable error (mean squared 
error) level is considered to be 10−6 during training from 
sampled data.

Results

The results section presents a comparative analysis of the 
performance between HOPGD and INN surrogates. Later, 
the tensile response of IN 625 coupons is computed for dif-
ferent loading conditions and scanning strategies using both 
HOPGD- and INN-calibrated parameters. Based on the char-
acterization data provided in [47], the computational model 
assumes that there are no porosity, residual stress, and for-
eign phase present in the RVE.

Comparison between Calibration Strategies

Figure 11 illustrates how the computational model performs 
with parameters calibrated by INN and HOPGD surrogates 
with respect to the calibration data. Computational time 
taken to run each CP simulation at each sampling point is 
6.2-−9.9 h (depending on how many extra iterations it takes 
to converge during plastic deformation) with 128 nodes of 
AMD EPYC 7702 processor with 2 GHz speed. From the 
figure, it is apparent that, once calibrated, the computational 
model can have decent performance using either INN- or 
HOPGD-calibrated parameters. A closer inspection will tell 
the readers that INN calibration does match the onset of 
plasticity better than HOPGD parameters. However, the big-
gest difference comes in the amount of offline data required 
by these two methods. An accurate surrogate model with 
HOPGD required 68 sampling data points. On the other 
hand, INN required only 38 points, which is almost half the 

sampling data required by HOPGD. For a target test mean 
squared error (MSE) of 10−4 , the surrogate training took 
68–69 s (depending on multiple runs) for both methods, with 
an R2 score of 0.98 in an NVIDIA A6000 GPU machine. The 
INN and HOPGD surrogates take around 0.02 s to calibrate 
all the parameters with multiple forward passes, clearly indi-
cating the speed-up.

Both surrogates do a decent job considering that there 
are six parameters to be calibrated. The reason for INN 
outperforming HOPGD is the flexibility of the interpola-
tion or approximation function in each parameter direction. 
INN can avail a higher order approximation by changing 
the hyperparameters and, therefore, can be more accurate 
with sparse data. This ability of INN makes the algorithm 
incredibly useful for complex parameterization problems 
such as this one. The method is also successfully applied to 
model the heat source parameters of the LPBF process [45]. 
A summary of the final calibrated parameters is presented 
in Table 2. The ranges considered are: �0 : 280–310 MPa, 𝛾̇0 : 
0.001-−0.003 s−1 , m: 50–100, H: 275–350 MPa, h: 0.0011-
−0.0025 MPa, and � : 0.4-−0.8. These ranges are selected 
heuristically from the authors’ previous work [30, 31].

It is important to note from the table that the calibrated 
parameters with both methods are non-unique. It implies 
that, depending on the method or even the initial point of 
the gradient descent method, the final calibrated material 
parameters can be different. This non-uniqueness can affect 
the outcome of the computational model when sub-grain 
level information, such as fatigue crack initiation or local 
dislocation density, is needed. However, for a homogeni-
zation-type model, such as the one presented in this article, 
these differences do not significantly affect the features of 
the tensile stress–strain curve.

Fig. 11   A comparison of calibration performance between INN and 
HOPGD surrogate models

Table 2   Comparison of calibrated CP parameters by HOPGD and 
INN. 𝛾̇

0
, 𝜏

0
,m,H, h, and � are calibrated

* Internal variable of the material law

Material property HOPGD INN

C
1111

223,300 MPa 223300 MPa
C
1122

117800 MPa 117800 MPa
C
2323

156700 MPa 156700 MPa
𝛾̇
0 0.0018 s−1 0.0024 s−1

m 70.0 80.4
�
0

303.0 MPa 298.55 MPa
a
0

1.5 MPa 1.5 MPa
H 350.0 MPa 299.0 MPa
h 0.0012 MPa 0.00165 MPa
R 50.0 MPa 50.0 MPa
r 1.9425 MPa 1.9425 MPa
�* 0.58 0.508
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Effect of Manufacturing Conditions on Tensile 
Response

The predicted tensile responses include elastic modulus, 
yield strength, and true stress values at 5%, 10%, and 20% 
true strains. The first two quantities quantify the accuracy of 
predicting elastic properties, while the latter determines the 
accuracy of predicting plastic response. Figure 12 illustrates 
elastic modulus prediction for X and XY scanning strate-
gies and at different loading orientations. From the figure, 
it is evident that both INN- and HOPGD-calibrated models 
perform well in predicting the elastic modulus. This is a 
consequence of both calibration methods using the same 
elastic constants. However, there are slight discrepancies 
due to variation in the onset of plastic deformation. In the X 
scanning strategy, the experimental data show that the elastic 
modulus increases from loading along the build direction 
to loading along an angle of 600 , and then decreases to a 
lower value when loading is applied in the 900 angle. On 
the other hand, elastic modulus seems to reach a maximum 
when a tensile coupon is loaded at an angle of 450 with the 
build direction for XY scanning strategy. Elastic modulus 
gradually decreases with larger than 450 deviation from the 
build orientation. The reason can be attributed to the tex-
ture of the microstructure from both scanning strategies. 
While both scanning strategies produce columnar grains, it 
is more pronounced for X scanning. {001} and {101} poles 
are parallel to the build direction for the X-scan strategy. 
{001} poles start near the center of the scan tracks, and {101} 
appear near the edge of the scan track [47]. This change in 
grain morphology imparts variation in the tensile response. 
Figure 12 suggests that the computational model is able to 

capture this trend successfully whether the parameters are 
from HOPGD or INN. Predictions also suggest that, for most 
cases, INN-calibrated parameters are either doing slightly 
better or equally as good as the HOPGD parameters. How-
ever, for the X-scan strategy and along the build direction, 
INN parameters give markedly better prediction compared 
to HOPGD. Qualitatively, one additional remark can be 
made. Predictions for X-scanned samples are worse than 
XY-scanned samples. It is understandable as the calibration 
is done with XY-scanned sample and for loading along the 
build direction. Due to the noticeable difference in texture 
between X and XY scanning strategies, there is more error 
for X-scan prediction.

Figure 13 presents the 0.2% yield strength for two scan-
ning strategies and along the different loading directions. 
In this case, the efficacy of INN-calibrated parameters 
for prediction is clearly more than the HOPGD-calibrated 
parameters. Apart from 900 angle from the build direction 
case, predictions with INN-calibrated parameters are better 
than the HOPGD parameters. For XY-scanned samples, both 
INN and HOPGD parameters give very good agreement with 
experiments. The onset of yield is controlled by the param-
eter �0 which is calibrated directly in this work. Therefore, 
close agreement of yield strength with experiment suggests 
successful calibration with only 38 data points for INN. Fig-
ure 13 suggests that XY scanning strategy results in coupons 
with larger yield strength compared to X-scanned samples. 
As mentioned before, the texture suggests a prominent pres-
ence of columnar grain structure in X-scanned samples. 
Though XY-scanned samples show qualitatively similar 
structure, the presence of columnar structure is less. This 
might contribute to the slight increase in yield strength at 

Fig. 12   Elastic modulus prediction along the loading direction for dif-
ferent scanning strategies with both INN and HOPGD. The bars on 
the experimental data show one standard deviation. In Cases axis, the 
letter indicates scan strategy, and the number denotes loading direc-
tion with respect to build direction

Fig. 13   Yield strength prediction along the loading direction for dif-
ferent scanning strategies with both INN and HOPGD. The bars on 
the experimental data show one standard deviation. In Cases axis, the 
letter indicates scan strategy, and the number denotes loading direc-
tion with respect to build direction
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different loading directions. Another trend is that by increas-
ing the angle between the loading direction with respect to 
the build direction, the yield strength of IN 625 coupon can 
be increased. Loading transversely seems to give the highest 
yield strength with either scan pattern. The computational 
model seemed to not do too well in case of 900 angle orien-
tated sample. There is no apparent reason for this apart from 
a major discrepancy in the behavior of this case with respect 
to the calibration data.

Figures 14, 15 and 16 present the prediction of the plastic 
response of the IN 625 coupons for the manufacturing con-
ditions considered. Figure 14 illustrates true stresses under 
5% true strains for all the samples. Comparing values of 
stresses from Figs. 14 and 13, it is apparent that the material 
is already plastically deformed. Figure 14 shows that the pre-
diction for INN is significantly better than HOPGD param-
eters. The only exception is again the case when the loading 
is applied at an angle of 900 . Only in this case, the HOPGD 
prediction is closer to the experimental value. Although 
holistically, the prediction for this case is worse compared to 
other instances. For X scanning strategy, the coupon shows a 
strengthening as the loading is applied at a larger angle from 
the build orientation. The variation from experiments for X0 
to X90 cases is also quite small, indicating indeed there is a 
strengthening. On the other hand, there is a sort of plateau 
in the stress response under 5% true strain at 300 , 450 , and 
600 angles from the loading direction. Interestingly, for these 
three cases, INN prediction is very close to the experimental 
observation. The plateau effect is captured by the computa-
tional model successfully, indicating satisfactory calibration. 
Furthermore, the stresses are a little higher for XY-scanned 
samples compared to X-scanned samples.

Figure 15 presents the true stress values under 10% true 
strain under different manufacturing conditions. It follows 
more or less the same pattern as discussed in Fig. 14. Again, 
the overall prediction accuracy of INN-calibrated model is 
comparable or better than the HOPGD-calibrated model. 
When loading is applied at an angle of 900 , the models 
struggle to predict it from one calibration case. Although 
HOPGD-calibrated parameters seem to give a more accurate 
result compared to INN-calibrated parameters. Changing the 
angle from the build direction to the transverse direction 
clearly produced higher stress for X-scanned case. On the 

Fig. 14   True stress prediction at 5% true strain along the load-
ing direction for different scanning strategies with both INN and 
HOPGD. The bars on the experimental data show one standard devia-
tion. In Cases axis, the letter indicates scan strategy and the number 
denotes loading direction with respect to build direction

Fig. 15   True stress prediction at 10% true strain along the load-
ing direction for different scanning strategies with both INN and 
HOPGD. The bars on experimental data show one standard devia-
tion. In Cases axis, the letter indicates scan strategy, and the number 
denotes loading direction with respect to build direction

Fig. 16   True stress prediction at 20% true strain along the load-
ing direction for different scanning strategies with both INN and 
HOPGD. The bars on the experimental data show one standard devia-
tion. In Cases axis, the letter indicates scan strategy, and the number 
denotes loading direction with respect to build direction



	 Integrating Materials and Manufacturing Innovation

other hand, a similar change did not bring much change in 
the resulting stress for XY-scanned samples. About 10% 
strain produces slightly higher stresses for XY60 and XY90 
compared to X60 and X90. Figure 16 illustrates the same 
pattern as before. The model, whether calibrated by INN 
or HOPGD, does reasonably well to predict the values of 
stresses at different scan patterns and loading directions. 
The only exception is 900 loading direction. Generally, INN-
calibrated parameters produce a more accurate prediction.

Conclusions

The article presents a systematic way to perform micro-
structure-based modeling of LPBF IN 625 alloy for differ-
ent manufacturing conditions using limited calibration data. 
Current work introduces an adaptive method for sampling 
data generation to produce a surrogate of the expensive 
full-field computational model for calibration. A novel sur-
rogate model development technique with an interpolation 
neural network (INN) is introduced, and its performance 
of calibration is analyzed with another widely used surro-
gate model, HOPGD. All the predictions are made using a 
crystal plasticity-based fast Fourier transform algorithm and 
validated using the NIST AM Benchmark 2022 dataset. The 
results suggest that combining adaptive sampling with INN 
can produce a highly accurate surrogate model that requires 
a relatively small set of offline computations. Moreover, 
such surrogates can be used alongside a gradient-based opti-
mization algorithm, avoiding resorting to more expensive 
genetic methods. The computational model can success-
fully capture the effect of loading orientation with respect 
to the build direction and two different scanning strategies 
using representative volume element. Using two different 
scanning strategies imparts variation in the texture of the 
coupon. The calibrated parameters enabled the model to 
accurately capture the influence of the more columnar nature 
of X-scanned microstructures, which resulted in enhanced 
strength when loaded at an angle relative to the build orien-
tation. For XY-scanned sample, a loading direction of 450 
produces the maximum stiffness. The method presented here 
can be used for any alloy system produced by any advanced 
manufacturing techniques. It is to be noted that the adaptive 
sampling strategy discussed in this article does have a risk 
of reaching a local optimum instead of a global optimum 
after the first level of sampling. Hence, it is recommended 
that multiple runs of sampling be done to make sure that 
the optimization reaches the global minimum. The surrogate 
model development strategy can be extended to parametrize 
any physical law. The INN holds even greater promise to 
become a method that can be used as a trainer, solver, or 

inverse system designer. This potential will be discussed in 
a separate series of papers.
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