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Research progress in microstructure characterization and

reconstruction of heterogeneous materials

CHEN Yijia, MA Zhiyuan, ZHANG Tianxu, LIN Li

(NDT & E Laboratory, Dalian University of Technology, Dalian 116024, Liaoning, China )

Abstract: Heterogeneous materials are widely used in high-end equipment components of fields such as aerospace, electronic
information and national defense, with the microstructure features of multi-phase, multi-scale and complex morphology, which
determines the superior macroscopic properties of materials. Establishing an accurate microstructure model is crucial for deeply
understanding the structure-property relationship. However, when the material exhibits strong heterogeneous characteristics, the
complexity and difficulty of this process increase significantly. In recent years, advances in computational materials science promote
the development of computational simulation methods. Microstructure characterization and reconstruction(MCR) , as a key
component of computational simulation process, provides a powerful approach for microstructure modeling of heterogeneous
materials. Currently, MCR for heterogeneous materials mainly includes the following two categories: (1)modeling techniques based
on statistical methods; (2) modeling techniques based on machine learning and computer vision. This work summarizes and
organizes two categories of MCR techniques, explains the characteristics and applicability of the relevant methods, and analyzes the
research progress of different methods in MCR of heterogeneous material. It aims to provide references and guidance for selecting

MCR methods and applying them to material design.
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Table 1 Features and applications of microstructure extracted by MCR technique based on statistical method
Technique Features of microstructure Material Reference
Correlation function Two-point correlation function Pb-Sn alloy [36]
Two-point clustering correlation function Debye random media [49]
Linear path function Fontainebleau sandstone
Boron-carbide/aluminum composite [50]
Two-phase and three-phase porous sandstone [51]
Polymer electrolyte fuel cell(PEFC) catalyst layer [52]
Solid oxide fuel cell [53]
Porous transducer material [54]
Porous sandstone [55]
Polymer nanocomposite [56]
Ceramic foam [57]
Physical descriptor Particle size Polymer nanocomposite [37, 58-60]
Area Rubber composite containing carbon black nano-fillers [61]
Number Epoxy resin/SiO, nanocomposite [62]
Aspect ratio Particulate composites [63]
Orientation angle Nanoporous gold [64]
Nearest neighbor distance Porous rocks [65]
Expansive porous soil [66]
Random field Spectral density function Nanoporous gold [67]
Autocorrelation function Two-phase and multi-phase random media [68]
Cancellous bone material [69]
Three-dimensional braided C/C-ZrC composites [70]
Carbon fiber reinforced polymer [71-72]
YSZ thermal barrier coating [73]
AlSi-PHB seal coating [74]
Aging pipeline material [38]
Polymer/SiO, nanocomposite [75]
Quasi-random nanophotonic structures [76]
Voronoi Grain size Nickel-base superalloy IN100 [77-78]
Number Aluminum alloy AA6061 [79]
Orientation angle Polycrystalline Al,O4 [80]
Nearest neighbor distance Ag/Sn0O, alloy [81]
Titanium alloy [82]
Polycrystalline ceramic materials [83]
Polymer bonded explosive [84]
Pearlitic steel [85]
Bone trabecular structure [86]
Trabecular-like Ti-6A1-4V scaffold [87]
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Fig. 1 MCR of two-phase random media based on correlation functions**

(a)microstructure imaging techniques( SEM, TEM

and so on ) ; (b)image binarization via image processing algorithm; (c)characterization via correlation functions; (d)microstructure

parameterization; (e )reconstruction via correlation functions; ( f)predicting material properties via finite element method(FEM )
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Table 2 Features and applications of MCR techniques based on machine learning and texture synthesis

Technique

Theory

Material

Reference

Machine learning

Classification trees

Artificial neural network( ANN )

Convolutional neural network (CNN)

Recurrent neural network(RNN)

Rubber/SiO, nanocomposite

Porous ceramics

Rubber/Si0, nanocomposite
Perfectly geometric inclusions
Fontainebleau sandstone
Rubber/SiO, nanocomposite
Leopard sandstone

Fontainebleau sandstone
Synthetic silica with high porosity
Multiphase porous electrode
Porous ceramic

Mesoporous silica

Porous rock

Pearlitic steel

Martensitic steel

Aluminium alloy

Dielectric materials with silicon particles
Porous ceramics

Polycrystalline microstructures
Carbonate

Polymer composites

Sandstone

Ceramics

Block copolymer

Metallic alloy

Three-phase rubber composites
Ti-6A1-4V alloy

Pb63-Sn37 alloy

Fontainebleau sandstone

2D suspension of spherical colloids
Low-carbon-steel

Martensitic alloy AF9628
Isotropic and anisotropic porous sandstone

Homogeneous sandstone

Heterogeneous carbonate rock

[106]

[107]

[108]

[109]

[44]

[46]

[110]

[111]
[112]
[113]

[114]
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Table 2 (Continued)
Technique Theory Material Reference
Generative adversarial network (GAN ) Fiber reinforced ceramic matrix composites [104]

Porous sandstone [115-117]
Berea sandstone, estaillades carbonate [118]
Micrometer-scale solid-void porous media [119]
Nanoporous metal [120]
Additively manufactured Ti-6A1-4V [121]
Fontainebleau sandstone [122]
Soft soils

Texture synthesis Markov random field(MRF) Ti-7Al alloy [42]
Metal [123]
Fabric
Tile
Stone
Flowers
Leaves
Disperse spheres [124]
Anisotropic lamellar microstructure
Polycrystalline microstructure
Berea sandstone [125]
Two-phase W-Ag composite [126]
Aluminum alloy AA3002
Polycrystalline copper [127]
Ivory [128]
Macadamia nutshells
Al-Li alloy [129]
Additively manufactured 316L stainless steel [130]
AlSi-PHB seal coating [131-132]
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Fig. 5 Microstructure characterization and reconstruction of porous media based on ANN

%1 (a)sample image of isotropic

structure; (b )reconstructed image of isotropic structure; (¢ )two-point correlation functions of sample and reconstructed image
in the isotropic structure; (d)sample image of anisotropic structure; (€ )reconstructed image of anisotropic structure;
(f)particle orientation distribution of sample and reconstructed image in the anisotropic structure
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Fig. 6 Microstructure characterization and reconstruction of porous media based on adversarial recurrent neural network
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Fig. 7 Microstructure characterization and reconstruction of grain evolution based on texture synthesis technique
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synthesis after optimizing; (d)two-point correlation function of PHB; (e )two-point correlation function of pores
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