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A B S T R A C T   

This paper proposes a methodology for surrogate-based microstructural optimization of structural metals that 
integrates a limited number of 3D image-based numerical simulations with microstructural quantification, 
coarsening and optimisation processes. The support vector machine that was used had an infill sampling criterion 
to reduce the number of numerical trials, and the proposed methodology was found to be effective for wrought 
2024 aluminium alloy with irregularly shaped particles. Appropriate objective functions were defined to assess 
particle damage. The number of design parameters, which quantitatively express the size, shape, and spatial 
distribution of particles, was initially 41, but they were reduced to four during a two-step coarsening process. The 
surrogate model provided highly accurate predictions, and the size, shape, and spatial distribution values of the 
optimal and weakest particles were successfully identified. It was shown that the optimal particle was small, 
spherical, sparsely dispersed, and perpendicular to the loading direction. However, it was also found that the 
smallest and most independent particle with a spherical shape was not necessarily strong, which implies the 
effects of particle clustering. It was also concluded that the dependency of in-situ particle strength on size was of 
crucial importance for weaker particles. The shape and spatial distribution of stronger particles were, however, 
more crucial for suppressing their internal stress than was their size. The results show that the proposed 
methodology offers a cost-efficient solution for microstructural designs involving 3D high-fidelity simulations 
that cannot be obtained with the existing approaches for developing materials.   

1. Introduction 

Recent laboratory-based and synchrotron X-ray micro- and nano- 
tomography techniques can readily depict the morphology of micro
structural features, such as particles, defects, damage, and crystallo
graphic grains in practical structural metals in full 3D complexity. The 
spatial resolution of X-ray tomography (XCT) readily reaches the level of 
the microstructural features of structural materials (e.g., 1 μm) in both 
laboratory-based and synchrotron XCT techniques [1,2]. X-ray 
lens-based systems aim to produce more magnified images on a detector, 
and the spatial resolution has been further improved by an order of 
magnitude [1,3]. Typically, in the case of the synchrotron X-ray, it is 
achieved using a lens specially designed for X-rays, which is called the 
Fresnel zone plate [1,3]. Nowadays, even industrial XCT scanners can be 
equipped with Fresnel zone plates for high magnification observations. 

For example, a Fresnel zone plate with an outermost zone width of 35 
nm was used to achieve a nominal maximum spatial resolution of 50 nm 
[1,3]. Although the grain boundaries of structural metal materials 
cannot be directly visualized even with such X-ray-magnifying optics, 
techniques that apply X-ray diffraction (e.g. the 3D-XRD [1,4] and DCT 
techniques [1,5]) or those that combine XCT and X-ray diffraction (e.g. 
the DAGT technique [1,6]) are available for visualising crystallographic 
grains in 3D. 

The use of 3D image-based numerical simulations is becoming 
increasingly important compared to conventional analytical and 
empirical modelling or simulations with simplified and symmetrized 
models. This is due to the trend toward accurate predictions of me
chanical behaviour under external stimuli that can be used to design 
new products or materials with superior properties. In this aspect, 3D 
imaging modalities involving XCT enable the creation of high-quality 
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numerical models by directly converting 3D high-fidelity tomographic 
volumes into fine 3D meshes for numerical simulations. The fields of 
application include automotive design [7], fluid dynamics [8], materials 
engineering [9–11], etc. Since structural metal materials have distinct 
boundaries at the nanoscopic level between the internal microstructures 
and the matrix, this technique can accurately represent the internal 
microstructures after readily segmenting dissimilar phases. 

However, high-fidelity 3D image-based numerical simulations are 
very time consuming in terms of model preparation and are computa
tionally expensive [1], sometimes requiring a few days or even weeks 
per single execution after laborious mesh clean-ups, stitching, and 
debugging that can take a few months. When a limited number of 3D 
image-based numerical simulations are utilised for the interpretation of 
some physical phenomenon, such as identifying the origin of damage 
evolution or obtaining clues for inferior mechanical properties, it is not 
such a serious issue. The irregular and complex 3D microstructural 
features of real-world practical materials mean that no two micro
structural patterns of an identical material are alike. This is because the 
formation of microstructural patterns is more or less probabilistic in 
nature. Therefore, when optimal microstructures are required, 3D 
image-based numerical simulations should be repeated many times for a 
single material. But while it is necessary to prepare and compute a 
number of high-fidelity 3D models, it is, in fact, unrealistic since un
certainties inevitably arise in the final optimisation results due to 

temporal constraints. This results in inaccuracies and limited repro
ducibility of the analysis, and the predicted optimisation is unrepre
sentative of the mechanical behaviour that occurs in actual materials. 

One effective way to address the issue of uncertainty is to employ a 
surrogate model to approximate the relationship between the irregular 
microstructural patterns for input and the mechanical properties for 
output. This paper proposes a methodology for surrogate-based opti
mization of the mechanical properties of structural metals that in
tegrates a limited number of high-fidelity 3D image-based numerical 
simulations and their high-fidelity quantification. It also reduces the 
number of microstructural parameters (design parameters) that arise 
from subsequent coarsening processes, and the final optimisation and 
assessment is performed with a surrogate model. In this paper, the 
support vector machine used had an infill sampling criterion that 
effectively alleviated the computational burden by reducing the number 
of numerical trials needed to find the final solution. 

2. Optimisation methods 

This section provides an overview of the methodology for acceler
ating surrogate-based optimization of 3D image-based numerical simu
lations. We describe a new method called reverse 4D materials 
engineering (R4ME), which was inspired by reverse engineering (RE). 
RE technology is generally defined as the process of analysing an 

Fig. 1. Methodology for the surrogate-based optimization, which is called reverse 4D materials engineering.  
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industrial product using software to identify its components and 
mechanisms so as to redesign it [12]. RE technology enables creating 
engineering designs along a flow, starting from an existing product to
ward its design, with a high degree of efficiency. Usually it is orientated 
from design to products, which is why it is designated as “reverse”. 

Similarly, in the R4ME process shown in Fig. 1, we approached the 
relationship between the irregular and complex 3D microstructural 
features of a real-world practical material and its mechanical responses, 
such as strength, ductility, toughness, fatigue properties, and suscepti
bility to damage, starting from visualising the irregular and complex 
microstructural features of an existing practical material in 3D (Step 1 in 
Fig. 1) toward its optimal design (Step 5 in Fig. 1). Because the 
complexity of the 3D image makes this analysis theoretically intractable, 
we performed an image-based numerical simulation with a high-fidelity 
3D model (Step 2 in Fig. 1). The simulation provided us with the rela
tionship between the microstructures and the macroscopic (or some
times mesoscopic or microscopic) responses of the materials being 
modelled, provided that the spatial resolution of the 3D imaging tech
nique covered the geometric scale of the mechanical responses of in
terest (deformation, cracking/microcracking, damage initiation/ 
evolution, etc.) as well as that of the microstructural features. 

The exhaustive quantification of microstructural features, such as 
size, shape, and spatial distribution, was realised by preparing a number 
of morphological parameters, which were used as design parameters in 
the microstructural optimisation framework (Step 3 in Fig. 1). Some 
objective functions were also defined so that the mechanical responses 
of interest were expressed as independent mathematical parameters 
(damage parameters, stress/strain, strength/elongation, crack length, 
lifetime, etc.). A combination of principal component analysis (PCA) and 
global sensitivity analysis (GSA) was then applied for the coarsening 
purpose to identify the set of final design parameters that would be 
effective for optimisation (Step 4 in Fig. 1). 

The effectiveness of the proposed technique was validated and 

demonstrated for a wrought 2024 aluminium alloy in which irregularly 
shaped Al2Cu particles coexisted with microscopic pores. 

2.1. Design of numerical experiments 

In standard surrogate modelling frameworks, how the experiments 
are designed is crucial. One of the most popular procedures for the 
design of experiments is Latin hypercube sampling [12]. In this method, 
the range for each design parameter is divided into a certain number of 
bins, and then data points are randomly allocated in the design space to 
statistically obtain a quasi-random sampling distribution. The main 
drawback of this for image-based numerical simulations is the difficulty 
of reconstructing realistic 3D microstructure models from a combination 
of all the design parameters. Therefore, in the sampling method adopted 
for this work, we randomly selected the regions of interest for the 3D 
image-based numerical simulations from the whole field of view in an 
experimentally obtained 3D image. The irregular and complex 3D 
microstructural features of a real-world practical material mean that a 
variety of microstructural features and patterns, in terms of specie
s/phases, size, shape, and spatial distribution, are sampled in numerical 
models by random selection. The design parameters can reasonably 
cover a practically possible design space without the need for choosing 
an appropriate model size for the 3D image-based numerical simulation. 
This is because although design parameters should be spread apart as 
much as possible in order to capture the global trends of data dispersion 
in the design space, it is not necessary to allocate data points where they 
cannot physically exist in the materials (particles that are too small or 
too coarse, spatial distributions that are too uniform or too sparse, etc.). 

Examples of the regions of interests used in the subsequent appli
cation are shown in Fig. 2. In this case, a unit box of 40 × 40 × 40 μm in 
size was extracted from a sufficiently wide field of view (approximately 
600 × 600 × 1000 μm) of the high resolution synchrotron X-ray micro- 
tomography image. Five models were selected from 360,000 possible 

Fig. 2. 3D perspective views of the five 3D FEM models (Models A–E) used in the image-based numerical simulation. Only pores and particles are displayed, which 
are represented in red and light blue, respectively, and the underlying aluminium is not displayed. 
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microstructural patterns that were sampled by translating the unit box 
by 10 μm in the x, y, and z directions in the 3D image. Some micro
structural features could be intentionally copied, eliminated, translated, 
or rotated, if necessary, in order to change the average size, morphology, 
orientation, volume fraction, spatial distribution pattern, etc. of the 
microstructures of interest for each model. 

2.2. High-fidelity 3D imaging and image-based numerical simulations 

It is assumed that a variety of discipline-specific simulations are 
assembled (fluid mechanics, heat transfer, solid mechanics, etc.) and 
either the continuum methods, such as the finite difference method, the 
boundary element method, the finite element method, etc. or the dis
continuum methods, such as the discrete element method [13], are 
applied. 

It is crucially important to generate high-fidelity 3D models of the 
irregular and complex microstructures so that the microstructural fea
tures and mechanical responses to be analysed are described with suf
ficient accuracy and fields of view. The realistic modelling of actual 
microstructural morphologies is made possible only when the spatial 
resolution and contrast resolution of the imaging system exceeds certain 
levels, taking into account the noise in 3D images. It should be noted that 
there is intrinsic trade-offs between spatial resolution and contrast, and 
spatial resolution and the field of view, and unnecessarily high spatial 
resolutions are often as bad as too low. It is, therefore, crucial when 
choosing the apparatus to take this into account. 

2.3. High-fidelity quantification 

The morphological parameters used for quantifying the size, shape, 
and spatial distribution of microstructural features in this study are 
summarized in Table S1. Since there are a variety of definitions for 
describing morphologically complex shapes, it would seem reasonable 
to prepare multiple parameters for expressing shapes in Table S1, such 
as orientation, aspect ratio, deviations from cubes or spheres, connec
tivity and surface complexity for particular features. Nine parameters 
were also prepared for expressing size (a large number that may even 
appear excessive). XCT often involves the visualization of internal 
structures that are relatively close to their effective spatial resolution 
due to limitations in the spatial resolution capacity of the devices used, 
whether from industrial-use scanners or synchrotron radiation XCT. For 
example, in the application in this study, an experimental set-up with a 
spatial resolution of 1 μm (the physical limit of the projection-type XCT) 
was employed to observe particles or pores of 1–10 μm in sphere- 
equivalent diameter. It should be noted that the volume or the sphere- 
equivalent diameter, which is directly calculated from the volume, en
ables accurate measurements when the spatial resolution level is much 
higher than the size of microstructural features of interest (e.g., 100 μm 
particles visualised by the 1 μm spatial resolution apparatus). When the 
thickness of flat particles is relatively close to the spatial resolution level 
of an imaging set-up, measuring particle size by the volume and sphere- 
equivalent diameter is susceptible to gross errors. On the other hand, 
drawing a bounding box, which is the smallest cuboid containing a 
particle, enables more accurate measuring of the height, width, and 
depth of particle sizes [1]. With this is mind, redundant parameters were 
prepared in morphological parameters that expressed the shape and the 
spatial distribution patterns, as shown in Table S1. 

2.4. Coarsening design parameters 

As noted in subsection 2.3, a large number of design parameters were 
used to express the morphological features of the microstructure in this 
study. Therefore, it was of crucial importance to screen out the design 
parameters with lower degrees of correlation. The coarsening process 
consisted of the following two steps: PCA for eliminating similarities in 
the set design parameters and GSA for selecting important design 

parameters that had a high degree of correlation with defined objective 
functions. 

PCA is a popular linear dimensional reduction technique for data 
mining. PCA results can be represented with score and loading charts, 
where a score chart represents how the design parameters correspond to 
the variables of the principal component and a loading chart conveys 
how the design parameters contribute to the total variability of the first 
and second principal components [14]. Two or more design parameters 
that are close to each other form a small angle on a loading chart. The set 
of design parameters that is closer than a pre-determined threshold 
angle is eliminated leaving the design parameter with the longest dis
tance from the origin having the strongest contribution. 

GSA is a technique for apportioning the uncertainty in objective 
functions to the uncertainty in each design parameter [15]. The adjec
tive “global” in GSA implies that all the design parameters are simul
taneously variable, and the sensitivity is analysed over the entire range 
of interest for each design parameter. GSA is applied for selecting a 
limited number of design parameters with high Pearson correlation 
coefficients after the number of design parameters is reduced in the first 
step by applying PCA. The Pearson correlation coefficient, which is 
equivalent to the standardized regression coefficient in regression 
analysis, was used in this study. It quantifies the effect of the parameters 
on the model. In our case, X = pi denoted the random variable for the ith 
design parameter, and Y was the random variable representing the 
mechanical response (i.e. objective function). The partial correlation 
then quantified the degree of linear correlation between the parameter pi 
and the mechanical response Y. The Pearson correlation was then given 
by 

ρpiY =

∑
j

(
(pi)j − pi

)(
Yj − Y

)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

j

(
(pi)j − pi

)2∑
k(Yk − Y)2

√ (1)  

where pi and Yi are the means of pi and Y, respectively. In this method, 
variables with large Pearson correlation values are considered more 
significant than those yielding small values. Values greater than 0.5 
generally indicate significant correlations. However, parameters with 
Pearson correlation values less than 0.5 can be analysed for possible 
confounding factors. 

2.5. Optimisation using a surrogate model 

Surrogate models are built using data drawn from expensive models 
(image-based finite element simulations) that are able to predict the 
output at untried points in a design space. Amongst the several popular 
surrogate models available from past research, the support vector ma
chine can effectively handle extremely high-dimensional data from a 
relatively small amount of sampling data [16]. The support vector ma
chine outperformed compared with other optimisation methods (e.g., 
artificial neural networks), resulting in significant reductions in 
computational costs. The support vector machines were constructed 
using the libsvm-mat-3.25–1 Toolbox [17] and can be represented for 
input data ξ as 

f (ξ) =
∑n

i=1
αiK(ξ, ξi) + b (2)  

where n is the number of data points, i indexes the samples, K(ξi, ξj) is a 
kernel function for 2D data (ξi, ξj) that is based on Merer’s theorem [18], 
and b is the offset of a hyperplane. In the proposed framework, the 
following two common kernels were applied: 

Polynomial : K(ξ, ξi) = (ξi, ξ)d (3)  

Gaussian radial basis function : K(ξ, ξi) = exp
(

−
ξi − ξ2

2σ2

)

(4) 
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In this paper, the support vector machine was used with the infill 
sampling criterion shown in Fig. S1, which effectively alleviates 
computational burdens by further reducing the number of numerical 
trials needed to find the final solution. There are two criteria that were 
implemented to control the termination of the loop in Fig. S1. One is the 
criterion for convergence: The process is stopped when the change in the 
surrogate model (i.e. the accuracy of the model) falls below a specified 
threshold (i.e. 0.1 in this study). This implies that further sampling is 
unlikely to significantly improve results any more. The second criterion 
is the maximum number of iterations: The process is stopped after a 
fixed number of iterations (i.e. 5 in this study), the values of which can 
be set based on the computational budget. 

2.6. General framework for model visualization and accuracy assessment 

Since human brains are unable to efficiently grasp multi-dimensional 
output from surrogate models that are typically expected to be four or 
more dimensions (one objective function and more than three design 
parameters), we needed to exercise ingenuity for model visualization. In 
order to roughly evaluate the output from surrogate models, response 
surface methodology [19] was used to explore the relationship between 
an objective function and a couple of explanatory design parameters that 
were extracted from all the design parameters that survived the coars
ening processes. The remaining design parameters that were not 
selected for drawing a response surface were kept constant at their 
average values. This approach is only an approximation, but such a 
model makes it easy to visualize the optimal and weakest microstruc
tural features at a glance and determine how explanatory design pa
rameters affect a response objective function of interest. 

Although response surface methodology represents an efficient so
lution, it does not allow for direct interpretation of the positions of data 
points in space. Therefore, Radviz visualization [20], a more compli
cated non-linear visualization technique that displays multi-dimensional 
data with three or more parameters as a two dimensional projected 
graph, was used to provide a more accurate assessment of the surrogate 
model. With Radviz visualization, the design parameters to be visualized 
are presented as anchor points equally spaced along the perimeter of a 
unit circle. Data points are plotted inside the circle with their positions 
determined by equilibrium amongst imaginary springs that are linked to 
all the dimensional anchors. The stiffness of each spring is proportional 
to the value of the corresponding design parameter. Data points that are 
close to a specific anchor have higher values for the design parameters 
than for other data points. In such a way, the Radviz visualization 
method can project a n-dimensional data set into a 2D space, where the 
influence of each design parameter is interpreted as a balance amongst 
all the design parameters. 

3. Application of the R4ME method to a practical purpose 

3.1. Synchrotron microtomography image used for modelling 

The effectiveness of the proposed technique was demonstrated with a 
wrought 2024 aluminium alloy for aerospace applications in which 
irregularly shaped coarse Al2Cu particles coexisted with microscopic 
pores. A 3D tomographic image of microstructural features (particles 
and pores) was taken from past research (Material HH in reference 
[21]). A purchased wrought alloy was re-melted in ambient laboratory 
air. The alloy cast had a chemical composition of 4.447 Cu, 1.462 Mg, 
0.452 Mn, 0.150 Zn, 0.170 Fe, 0.047 Si, 0.022 Ti, 0.012 Cr, 0.006 Zr, 
0.003 Pb, 0.003 Ni, and balance Al in mass pct. The ingot was homog
enized at 673 K for 28.8 ks, hot rolled at 673 K by 50 pct and cold rolled 
by 50 pct before applying a solution treatment at 768 K for 7.2 ks and an 
ageing treatment at 533 K for 86.4 ks. The total hydrogen content was 
measured by means of the vacuum fusion method, and was 0.72 cm3 per 
100 g of aluminium [21], which was expressed as the equivalent volume 
of hydrogen gas at 273 K and 1 atm. Some of the hydrogen had 

precipitated as spherical micro pores, as shown as red features in Fig. 2, 
with an average diameter of 2.8 μm, a number density of 163,700/mm3, 
and a volume fraction of 0.27% [21]. Irregularly shaped Al2Cu particles, 
comparable in size to the micro pores, were dispersed more densely than 
the micro pores as shown as blue features in Fig. 2, with an average 
diameter of 2.5 μm, a number density of 537,800/mm3, and a volume 
fraction of 1.82% [21]. 

A high-resolution X-ray CT experiment was performed using the X- 
ray imaging beamline BL20XU of SPring-8 [21]. A sample rotation stage 
was positioned ~242 m from the X-ray source. A monochromatic X-ray 
beam with a photon energy of 20 keV generated by a liquid 
nitrogen-cooled Si (111) double crystal monochromator was used. An 
image detector consisted of a cooled 4000 (H) x 2624 (V) element CCD 
camera (effective pixel size of the camera: 5.9 μm), which was used in 2 
x 2 binning mode, a single-crystal scintillator (Lu2SiO5: Ce), and a lens 
(20x). The image detector was positioned 55 mm behind the sample, 
thereby making the imaging system sensitive to phase modulation. In 
total, 1500 radiographs, scanning 180 deg, were obtained in 0.12 deg 
increments. Image slices were reconstructed from a series of projections 
based on the conventional filtered backprojection algorithm. The in-situ 
observation of a tensile test was performed, and damage and fracture 
behaviour is displayed in ref. [21]. An isotropic voxel with a 0.5-μm 
edge and a substantial spatial resolution of 1.0 μm was achieved in the 
reconstructed 3D image, which was calibrated such that the linear ab
sorption coefficients of micro pores, aluminium, and particles fell within 
an 8-bit grey scale range. 

3.2. Image-based finite element simulations 

In addition to the model preparation already described in the latter 
half of Section 2.1, STL meshes of particles and micro pore surfaces were 
obtained with volume rendering software together with an outer cubic 
geometry of 40 μm in size that were loaded on PATRAN, a pre-processor 
for finite element simulations. Surface triangular meshes with an aspect 
ratio higher than five were eliminated, and the particle and aluminium 
regions in models were divided using tetrahedral elements. In this way, 
3D FE models that consist of the matrix, particles and pores can be 
successfully created. For example, the numbers of tetrahedral elements 
and nodes in Model A in Fig. 2(a) are 78,756 and 116,919, respectively, 
and those for the other models ranged within ± 5% of these values. The 
particles and the matrix aluminium were assumed to be elastic and 
elasto-plastic, respectively. Young’s moduli and Poisson ratios of the 
matrix and the particles and were set to be 69 GPa/0.33 and 105 GPa/ 
0.34, respectively [22]. A true stress-true strain curve for the 2024 
aluminium matrix was taken from the reference [23], which was fitted 
by the Ramberg-Osgood equation. Note that the simulation was fully 
implicit, and neither fracture criterion nor damage model was utilised. 

The finite element simulations of tensile tests were performed using 
the commercial finite element simulation software Marc/Mentat. All the 
nodes on the edge (z = 0) are fixed along z-direction, while tensile 
displacement of 2 μm (i.e. a uni-axial tensile strain of 5%) is applied for 
the nodes on the other side (z = 40 μm). Since it is not realistic because 
the effects of particle/pore agglomeration can be amplified, no periodic 
boundary condition is applied. The other three nodes at the corners 
except for the origin (y = 0) were also fixed along y-direction to prohibit 
rigid rotational motion of the model. The Typical examples of the 
computation results are shown in Fig. 3 as the distributions of normal 
stress, equivalent plastic strain, and stress triaxiality on a specific cross- 
section in Model A, which were used as the three objective functions in 
Section 3.3. Significant local variations in the three mechanical quan
tities were observed in the computation results, as shown in Fig. S2, 
which demonstrates the elevation of particle stress where coarse parti
cles were irregularly shaped. 
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3.3. Objective functions and design parameters 

All the design parameters are explained in Section 2.3 along with a 
comprehensive list in Table S1. There were wide variations in size, 
shape, and spatial distributions of particles, as shown in Fig. 4, in which 
extreme examples of particle size and shape were quantified with the 
design parameters O and f4. The left and right particles in Fig. 4(a) and 
(b) have design parameter values close to 0 and 1, respectively, after 
normalization, while the upper middle and lower middle particles have 
design parameter values close to their averages. 

Three objective functions, I1, I2, and I3, were defined in order to 
evaluate the damage evolution from particles from various viewpoints 
(i.e. damage initiation and growth, particle and matrix, stress and strain, 
etc.). It has been reported that particle damage directly contributed to 
the ductile fracture behaviour of the material [21]. I1 and I2 expressed 
the mechanical conditions for micro void formation initiated from the 
fracture of particles, whereas I3 was associated with micro void growth. 
I1 was the maximum value of the maximum principal stress in particles. 
It was assumed to be directly associated with the criterion for particle 
fracture. I2 was the maximum value of the equivalent plastic strain of the 

Fig. 3. Magnified views of the output of finite element analysis on virtual cross-sections. Equivalent plastic strain, stress triaxiality, and normal stress σz, are shown, 
which correspond to the objective functions, I1, I2, and I3, respectively, in the final optimization. Red and white lines denote pores and particles, respectively. 

Fig. 4. Examples of representative particles by (a) size and (b) shape, which have been selected from the original 3D image according to the morphological 
quantification results. Small, medium, and coarse particles in (a) are referred as particles A, B, and C in Fig. S3. 

H. Toda et al.                                                                                                                                                                                                                                    



Acta Materialia 257 (2023) 119188

7

matrix aluminium in the vicinity of a particle. Significant elevation of 
internal stress was expected inside particles where plastic strain was 
localized in the underlying matrix. I3 was defined as the maximum value 
of stress triaxiality of the matrix in the vicinity of a particle. According to 
the Rice and Tracy model, high stress triaxiality corresponds to the 
lateral expansion of voids during fracture [24]. 

Prior to the coarsening processes, all of the objective functions and 
design parameters were normalized to be between 0 and 1. This was 
done so that a 99% confidence interval was the upper limit of the 
normalized range (i.e., unity) in each figure, as shown in Fig. S3. The 
locations of the three particles displayed in Fig. 4(a) are shown as par
ticles A, B, and C in Fig. S3 for reference. 

3.4. Coarsening results 

The threshold angle value in the PCA process was set to be 5◦. Two or 
more design parameters that were close to each other within this angle 
are listed in Table S2, and at least one of the design parameters was 
eliminated in each couple of parameters. As a result, the number of 
design parameters was reduced from 41 to 14, and the loading chart was 
plotted again using the remaining 14 design parameters, as shown in 
Fig. 5. The majority (about 57%) of the remaining design parameters (p6, 
p8, θ, E, f3, f4, O4, f10) denoted particle shape, followed by design pa
rameters on particle size (about 36%: L, O, T, D, G). Only one design 
parameter that described the spatial distribution of particles, dm, sur
vived. The design parameters f3, f4, O4, and f10 expressed the magnitude 
of elongated shapes in some forms. The third moment invariant, p8, 
could be used to show how complex and less ellipsoidal-like particles 
with the same aspect ratio were [25]. The design parameters p6, θ, and E 
were associated with irregularities, orientation of the first principal axis, 
and connectivity of particles, respectively. The design parameters L/T 
and O enabled size measurements based on the bounding box and three 
principal axes, respectively, which could be assumed as approximate 
evaluations, whereas D fully utilized the high spatial resolution of the 
X-ray CT image through volume measurements. Geodesic distance, G, 
expressed a morphometric feature that reflected both the size and shape 
complexity of particles. 

Further coarsening was performed by applying the GSA process, and 

the results are shown in Fig. 6. Four design parameters were selected for 
each objective function, leaving at least one parameter from each 
category (i.e., size, shape, and spatial distribution). The largest design 
parameter in remaining design parameters was selected as the fourth 
parameter for each objective function to reflect the importance of 
category with a higher Pearson correlation coefficient level. For I1, I2, 
and I3, (O, f4, T, dm), (p3, p7, G, dm), (l2, dm, p2, O) were selected, 
respectively, as the sets of input design parameters for the surrogate 
models, where O, T and G are fundamentally associated with size, dm 
and l2 express spatial distribution and the other four parameters quantify 
shape. In general, the value of the Pearson correlation coefficient r was 
between − 1 and +1, with positive values indicating positive relation
ships and vice versa. According to Evans, the strength of correlation is 
moderate, weak, and very weak for r with values of 0.40–0.59, 
0.20–0.39, and 0–0.19, respectively [26]. Therefore, it can be concluded 
that a relatively reasonable correlation was identified for I1, while only a 
weak correlation was obtained for I3. This is probably because I1 
expressed the direct criterion for micro void formation (the maximum 
principal stress in particles), whereas I3 was the rather indirect criterion 
for void growth (the stress triaxiality of the matrix). I2 was intermediate 
in the level of relevancy, resulting in an intermediate level of correlation 
between the objective function and the selected design parameters. It 
can be inferred for I1 that D and L, which have moderate correlation 
levels, may be adopted as the fifth and sixth design parameters. The 
physical meanings of D and L are however rather close to that of already 
adopted T. It can therefore be assumed that such modification would not 
be so influential on optimisation results. Due to space limitations, the 
results for I1 are shown hereafter in this study. 

Fig. 7 shows the distributions of the four design parameters selected 
for I1 between the respective normalized ranges (0–1) together with the 
distributions of the data points in the design space expressed in 2D for all 
possible combinations. The former and the latter are expressed as bar 
graphs and x-y plots, respectively. The design parameters reasonably 
cover almost the entire design spaces for dm-O, f4, and T (dm: average 
distance within each cluster based on the K means method, O: average 
length of three principal axes, f4: deviations from spherical shape, and T: 
thickness of minimum volume bounding box). For the other three 
combinations a remarkable agglomeration of rather narrow stripes is 
seen. This is partly because there was an inherent tendency in the 2D 
design spaces for f4-T and f4-O that coarse particles exhibited more 
irregular and complex shapes, whereas fine particles were rather 
spherical. In addition, O and T were rather close by definition (i.e. size), 
which is also confirmed by the experimental data shown in Fig. 5. 
Therefore, it can be inferred that coverage of the design space of the four 
design parameters was sufficient to perform a realistic statistical anal
ysis based on the global trends of actual data dispersion in the design 
space. 

3.5. Optimisation results 

Of all the 300 particles, 238 particles were used as training data for 
generating a surrogate model, and 62 particles were used as test data. 
Fig. 8 shows the comparison between the surrogate model generated for 
I1 and the results of the finite element simulation for the tested 62 
particles. It can be seen from Fig. 8 that the surrogate model can provide 
highly accurate predictions. Average percentage error is about 0.20, and 
66% of the output data points showed percentage error values less than 
0.2 (50% showed less than 0.1). It can be considered as rather small 
relative error for this very complex issue. It can therefore be concluded 
that the surrogate model can provide reasonably accurate predictions 
much more cheaply than evaluating the true function by repeating the 
very expensive and laborious image-based numerical simulation almost 
unceasingly. On the other hand, 4.8% and 1.6% of the output data points 
showed considerable underestimation and overestimation with per
centage error values greater than 0.3, respectively. Of course, the 
number of particles can be increased by preparing additional simulation 

Fig. 5. Principal component score distribution for the remaining 14 design 
parameters after applying the PCA process. 
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models to improve this. The goal of surrogate modelling would not 
however be to perfectly reproduce the true function, but rather to pro
vide good-enough approximation for limited input data. Therefore, 
measures to improve accuracy, such as optimising the ratio between the 
number of teacher data and that of test data, and increasing the number 
of particles per model to the extent that there are no substantial inter
ference effects amongst particles, are also likely to be necessary. 

3D contour maps of the objective function I1 were predicted by the 
surrogate model. Two sets of the three design parameters were selected 
to show 3D design spaces, and the remaining parameter was fixed at the 
average values in Fig. 9(a) and (b) (dm= 0.231 and T = 0.447 for (a) and 
(b), respectively). The optimal and weakest particles for particle damage 
are expressed in blue and red in Fig. 9, respectively. Actual size, shape, 
and spatial distribution values of the predicted optimal particle are 
shown in Table 1 for reference. Manufacturers can control the me
chanical properties of the 2024 aluminium alloy so that there are as 
many particles as possible that have four design parameter values that 
are close to these values. It can be surmised from Fig. 9 that the optimal 
particle with the highest resistance against damage is rather small (O) 
and spherical (f4) and relatively sparsely dispersed (dm), and its longi
tudinal axis is perpendicular to the loading direction (T). It is interesting 
to note that according to the results of the analysis, the smallest and 
most independent (the one does not belong to a cluster) particle with a 
spherical shape was not necessarily strong. This means all the four 
selected parameters had mutual dependency and could not vary by 
fixing the other parameters to be constant. For example, clustered par
ticles are sometimes small and rather spherical, whereas sparsely 
dispersed particles are sometimes coarse and irregularly shaped. It can 
be also seen in Fig. 9 that the blue region spreads widely in terms of dm. 
This is simply because of its low Pearson correlation coefficient. 

The Radviz chart in Fig. 10 is more informative and shows some of 
the underlying structure of the dataset. Fig. 10 shows how that when the 

surrogate model was used to estimate particle stress (strong particles 
lower than 1743 MPa, intermediate particles between 1743 and 2937 
MPa, and weak particles higher than 2937 MPa), the three classes are 
almost separated. The data points predicted with the surrogate model 
coincided well with the computation results of the finite element 
simulation except for a limited number of data points that were closer to 
dm (i.e. the design parameter for spatial distribution) for the strong and 
intermediate particles. This is attributable to the relatively low Pearson 
correlation coefficient of dm shown in Fig. 6(a). 

From the position of the data points in Fig. 6(a), we were able to 
make some conclusions about the values of the shown attributes. For 
example, the weak particles were close to the centre position of all the 
four attributes, which means that all four design parameters were 
important for damage initiation. Compared to the stronger particles in 
Fig. 10(a) and (b), the weak particles in Fig. 10(c) are closer to the 
design parameters associated with particle size. This implies that the 
dependency of in-situ particle strength on its size (T and O) is of crucial 
importance to understand the degradation of particle strength. On the 
other hand, the data points were more agglomerated in the vicinity of f4 
(shape parameter) and dm (spatial distribution parameter) as the 
strength of particles increased. This implies that particle shape and 
spatial distribution are more crucial for suppressing the elevation of 
internal stress inside particles than particle size. 

4. Insights inspired from the present application 

The conventional approach in materials science and engineering 
attempts to improve the properties of materials by employing a limited 
amount of testing combined with microstructural and fracture surface 
analyses. However, it sometimes yields room for interpretation by en
gineers and researchers because of gaps in existing information, and 
numerical simulations and modelling complement experimental data by 

Fig. 6. Results of the global sensitivity analysis, which represent the Pearson correlation coefficients for objective functions I1, I2, and I3 .  
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Fig. 7. Distributions of the selected four design parameters for all the 300 particles analysed. Distribution of the data is shown in 2D design space between each pair 
of the four parameters. 

Fig. 8. Comparison between the input (the computation results of a finite element simulation) and the created surrogate model. The result for the objective function 
I1 is shown. . 
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providing information that is not produced with experimental ap
proaches. For example, the 3D image-based numerical simulations in 
this study provided equivalent plastic strain, stress triaxiality, and 
normal stress values. The latter two were not obtained from the XCT 
experiments. Equivalent plastic strain was obtained by analysing the 
XCT data. In this case, the maximum value for the equivalent plastic 
strain in the vicinity of a particle was computed, and the detailed dis
tribution was not obtainable experimentally. 

It should be noted that the quantity of tomographic data was pro
digious. The number of microscopic and nanoscopic features embedded 
in a single 3D image sometimes amounts to tens or hundreds of thou
sands. It is evident that averaging and standardization, which are often 

taken in the conventional approaches, would considerably diminish the 
importance of such high-fidelity 3D images even without taking a look at 
such examples shown in Fig. 3. The same is true with high computa
tional cost image-based numerical simulations in which a huge number 
of complex microstructural features are captured and reflected in 
models. By employing 3D image-based numerical simulations, it is 
possible to fill in design space gaps that are not covered by presently 
available material microstructures by artificial modification of the ma
terial microstructures. For example, the combination of the four finally 
selected design parameters appears to locate in the vicinity of the outer 
edge of the actual microstructure in the design space of Fig. 7. The 
behaviour of such geometrically rare particles can be easily overlooked 
in the conventional experiments. Numerical simulations and modelling 
approaches complement experimental data by providing information 
that is not produced with experimental approaches. High-resolution 3D 
imaging of microstructures and the morphologies of cracks or damage 
enables the creation of 3D image-based numerical models that faithfully 
reproduce the actual behaviour of local materials. The variety of 
behaviour of such a huge number of complex microstructural features is 
infinite. Therefore, it is hard to grasp this by simply viewing experi
mental data or simulation results. Experimental and numerical data 
often include the five V’s (volume, variety, velocity, veracity, and 
value). In this regard, it can be assumed to be big data. 

The methodology proposed in this paper enables presenting the 
weakest microstructural feature and extracting the dominant factors 
from such massive amounts of data. And it provides new findings, in
sights, and reasonable interpretations of complex phenomena, leading to 
improvements in the characteristics of materials through microstruc
tural optimization. It is possible to move away from a conventional 
intuitive understanding of phenomena to a logical interpretation 
corroborated by the huge amount of data. If we would like to reach 
findings similar to Table 1 and Figs. 9 and 10 even if qualitatively by 
employing the conventional approach, a thorough parametric analysis is 
needed by repeating image-based numerical simulations many times. 
Considering that it took roughly half a year for the preparation and 
computation of the five models shown in Fig. 2, the time necessary for 
such analysis would be astronomical. 

We have seen such examples in Fig. 9 and 10 for practical aluminium 
alloys. For example, most of the design parameters associated with 
particle spatial distribution did not survive, and the solely surviving dm 
exhibited a low correlation coefficient, contrary to the expectation that 
particle clustering is detrimental [27]. It can be inferred that weak 
particles were identified to be coarse and probably did not cluster due to 
the size range of clustered particles and the relatively low internal stress 
in clustered particles because of the effects of interaction. In addition, 
the contribution of the four selected design parameters (dm, O, f4 and T) 
varied in Fig. 10 depending on the level of particle strength. For 
example, the damage initiation of weak particles was correlated more 
strongly with the two design parameters associated with particle size 
than the other two parameters, whereas particle shape and spatial dis
tribution became more important with the increase in particle strength. 
It implies that in order to eliminate the weakest points in a material with 
moderate strength, particle size should be mainly controlled. But when 
strength/ductility is enhanced to the maximum extent possible for the 
material with a higher strength level, particle shape and spatial distri
bution should be considered. It would be impossible to obtain such 
findings if the damage initiation behaviour of a huge number of particles 
with complex microstructural feature is experimentally observed. 

The data from recent experiments using XCT of in-situ observations 
of materials under external disturbance have been getting even richer. 
And because of the progress in advanced analytical and measurement 
technologies, we have performed more multi-modal analyses, such as 
polycrystalline visualization for crystallographic orientation measure
ments and grain boundary visualizations [1,4,6] and small angle X-ray 
scattering for nanoscopic microstructure evaluations [28]. First, the 
importance of such leading-edge analysis technologies can be assessed 

Fig. 9. 3D contour maps of the objective function I1 predicted by the surrogate 
model. Three design parameters were selected to show a 3D design space with 
the remaining parameter fixed at average values in (a) and (b) (dm= 0.231 and 
T = 0.447 for (a) and (b), respectively). The computation results of the finite 
element simulation are also shown as dots. 

Table 1 
Predicted optimum values for the four selected design parameters for the 
objective function I1.  

Design parameter O f4 T dm 

Category Size Shape Size Distribution 
Optimum value 2.89 mm 0.65 5.53 mm 5.27 mm  
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by applying these techniques. A wide variety of highly correlated data is 
then selected to analyse in a number of ways, which leads to the correct 
understanding of phenomena. When information about objective func
tions is experimentally determinable, this methodology can be applied 
to various issues without requiring numerical simulations. 

A 3D image-based numerical simulation utilises the particular 
microstructural features embedded in a single specimen, and, in prin
ciple, it only leads to universal understanding after multiple repetitions. 
This is equivalent to testing a material multiple times. However, this is 
rarely done due to the high computational costs. The methodology 
proposed in this paper compensates for such shortcomings and delivers 
the full potential of 3D image-based numerical simulations. In general, 
in order to utilize 3D or 4D images and the 3D image-based numerical 
simulations based on them, we need experienced personnel that can 
understand, interpret, and utilize the data. Deep insights into materials 
science and profound academic knowledge are indispensable. There are 
insufficient numbers of trained personnel who can combine high levels 
of materials science knowledge with data processing abilities. The 
methodology proposed in this paper enables researchers and engineers 
to reach identical conclusions without data cleansing when an appro
priate goal for data utilization is set and a sufficient number of design 
parameters are prepared. It is well known that data quality must meet 
the following five requirements: completeness, uniqueness, validity, 
accuracy, and consistency. It is also well understood that defects, du
plications, inconsistencies, and failures in data lead to erroneous con
clusions. Therefore, to enhance data quality, data bugs must be fixed 
through data cleansing. The methodology proposed in this paper 
inherently does this through design parameter coarsening. The strength 
of correlation analysis after GSA and radial visualization assessment of 
the surrogate model also provide features to validate the feasibility and 
effectiveness of the present surrogate-based optimization method. 

5. Conclusion 

The methodology introduced in this study required high-fidelity 3D 
imaging and 3D image-based numerical simulations based on high- 
fidelity 3D images. Some objective functions were first defined so that 
the mechanical responses of interest were expressed as independent 
mathematical parameters that were visible or measureable in experi
ments and were computable in 3D image-based numerical simulations. 
High-fidelity quantification of microstructural features of interest, 
which were as a matter of course correlated with the prepared objective 
functions, was then performed after preparing a number of design pa
rameters that expressed morphological and crystallographic features, 
etc. A very large number of design parameters were used at this stage. 

Therefore, it was of crucial importance to screen out the design pa
rameters with lower degrees of correlation in the subsequent coarsening 
processes. Surrogate-based microstructural optimization was then 
executed with the support vector machine algorithm and the infill 
sampling criterion, with which we could quantitatively identify the 
optimal and weakest microstructural features together and understand 
the multi-dimensional response of objective functions over wide ranges 
of selected design parameters. 

The effectiveness of the proposed methodology for the practical 2024 
aluminium alloy with irregularly shaped particles has been shown. The 
three objective functions, which were correlated with particle damage, 
were defined so that the strength and ductility that originated from 
ductile fractures were optimized. Although the number of design pa
rameters, which quantitatively express the size, shape, and spatial dis
tribution of Al2Cu particles, was initially 41, it was finally reduced to 
four during the two-step coarsening process in which similarities in the 
set of design parameters and the degree of correlation with defined 
objective functions were considered. The surrogate model provided 
highly accurate predictions, and the size, shape, and spatial distribution 
values of the optimal and weakest particles were successfully identified. 
It was demonstrated that the optimal particle was small, spherical, and 
sparsely dispersed, and its longitudinal axis was perpendicular to the 
loading direction. However, it was also established that the smallest and 
most independent particle with a spherical shape was not necessarily 
strong, with implications about the nature of particle clustering (rela
tively small and spherical particles were clustered and vice versa). It was 
also concluded that the dependency of in-situ particle strength on size 
was of crucial importance for weaker particles. However, particle shape 
and spatial distribution were more crucial for stronger particles for 
suppressing particle internal stress than particle size. 

This shows that the proposed methodology offered a cost-efficient 
solution for microstructural designs involving 3D high-fidelity simula
tions, which was not achieved with existing approaches for developing 
materials. In addition, when the number of microscopic and nanoscopic 
features associated with the phenomenon of interest were sufficiently 
shown in 3D images (e.g., the condition for design parameters) and the 
information about objective functions was experimentally determinable 
(e.g., the condition for objective functions), then the methodology in 
this study could be applied to various issues without requiring numerical 
simulations. 
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