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Abstract
This study comprehensively reviews recent advances in the digital reconstruction of polycrystalline materials. Digital recon-
struction serves as both a representative volume element for multiscale modelling and a source of quantitative data for 
microstructure characterisation. Three main types of digital reconstruction in polycrystalline materials exist: (i) experimental 
reconstruction, which links processing-structure-properties-performance by reconstructing actual polycrystalline microstruc-
tures using destructive or non-destructive methods; (ii) physics-based models, which replicate evolutionary processes to 
establish processing-structure linkages, including cellular automata, Monte Carlo, vertex/front tracking, level set, machine 
learning, and phase field methods; and (iii) geometry-based models, which create ensembles of statistically equivalent poly-
crystalline microstructures for structure-properties-performance linkages, using simplistic morphology, Voronoi tessellation, 
ellipsoid packing, texture synthesis, high-order, reduced-order, and machine learning methods. This work reviews the key 
features, procedures, advantages, and limitations of these methods, with a particular focus on their application in constructing 
processing-structure-properties-performance linkages. Finally, it summarises the conclusions, challenges, and future direc-
tions for digital reconstruction in polycrystalline materials within the framework of computational materials engineering.

Nomenclature
�CT	� micro-Computed Tomography
2D	� Two-Dimensional
3D	� Three-Dimensional
AM	� Additively Manufacturing
ART​	� Algebraic Reconstruction Technique
ASR	� Algebraic Strain Refinement
AVM	� Alkemper and Voorhees Micromiller
BIB	� Broad Ion Beam
CA	� Cellular Automata
CDBN	� Convolutional Deep Belief Network
CFD	� Computational Fluid Dynamics
CPFEM	� Crystal Plasticity Finite Element Method
DAXM	� Differential-Aperture X-ray Microscopy
DBFIB	� Dual Beam Focused Ion Beam

DCT	� Diffraction Contrast Tomography
DED	� Direct Energy Deposition
DFXM	� Dark Field X-ray Microscopy
DIC	� Digital Image Correlation
DL	� Deep Learning
DLD	� Direct Laser Deposition
DNN	� Dendritic Needle Network
DR	� Digital Reconstruction
DRX	� Dynamic recrystallisation
EBSD	� Electron Backscattering Diffraction
EBSM	� Electron Beam Selective Melting
EP	� Ellipsoid packing
FCA	� Frontal Cellular Automata
FDM	� Finite Difference Method
FEM	� Finite Element Method
FF-HEDM	� Far-Field High Energy Diffraction 

Microscopy
FIB	� Focused Ion Beam
FSAM	� Friction Stir Additive Manufacturing
FSW	� Friction Stir Welding
FVM	� Finite Volume Method
GFIB	� Gallium Focused Ion Beam
GP	� Gaussian Process
HD-DRC	� High Resolution Digital Image Correlation
HDMR	� Hybrid Deposition and Micro-Rolling

 *	 Chenfeng Li 
	 c.f.li@swansea.ac.uk

1	 Zienkiewicz Institute for Modelling, Data and AI, 
Faculty of Science and Engineering, Swansea University, 
Swansea SA1 8EN, United Kingdom

2	 School of Science, Harbin Institute of Technology, 
Shenzhen 518055, China

3	 Advanced Imaging of Materials (AIM) Facility, Faculty 
of Science and Engineering, Swansea University, 
Swansea SA1 8EN, United Kingdom

http://crossmark.crossref.org/dialog/?doi=10.1007/s11831-025-10245-4&domain=pdf


	 B. Chen et al.

ICME	� Integrated Computational Materials 
Engineering

LabDCT	� Laboratory X-ray Diffraction Contrast 
Tomography

LAD	� Laser Additive Manufacturing
LBM	� Lattice Boltzmann Method
LP	� Laguerre Polyhedron
LPBF	� Laser Powder Bed Fusion
LS	� Level Set
LV	� Laguerre Voronoi
MC	� Monte Carlo
MCA	� Multilevel Cellular Automaton
MCS	� Manual Collection System
ML	� Machine Learning
MPS	� Multiple-Point Simulation
MRF	� Markov Rrandom Field
Nano-CT	� Nano Computed Tomography
NF-HEDM	� Near-Field High Energy Diffraction 

Microscopy
NXRD-CT	� Nano X-ray Diffraction Computed 

Tomography
OIM	� Orientation Imaging Microscopy
OM	� Optical Microscopy
OMiTEM	� Orientation Mapping in the Transmission 

Electron Microscope
PB-LBM	� Powder Bed Laser Beam Melting
PBF	� Powder Bed Fusion
PC-CA	� Parallel Computing-Cellular Automata
PCR	� Polycrystal Refinement
PF	� Phase Field
PFIB	� Plasma Focused Ion Beam
PS	� Processing-Structure
PSPP	� Processing-Sructure-Properties-Performance
PV	� Poisson Voronoi
RGR​	� Recursive Grain Remapping
RM	� Robo-Met.3D
ROI	� Region of Interest
RVE	� Representative Volume Element
S-�CT	� Synchrotron Micro-computed Tomography
S3DXRD	� Scanning Three-Dimensional X-ray Diffrac-

tion Microscopy
SBFIB	� Single Beam Focused Ion Beam
SEM	� Scanning Electron Microscopy
SERVEs	� Statistically Equivalent Representative Vol-

ume Elements
SLM	� Selective Laser Melting
SM	� Spectral Method
SM	� Synthetic Microstructure
SPED	� Scanning Precession Electron Diffraction
SPFM	� Sharp Phase Field Method
SPP	� Structure-Properties-Performance
SRX	� Static recrystallisation
TB	� Tribeam

TS	� Texture synthesis
TT	� Topotomography
VAE	� Variational Autoencoder
VOF	� Volume-of-fluid
VP	� Voronoi Polyhedron
VSCA	� Virtual Submesh Cellular Automata
VT	� Voronoi tessellation

1  Introduction

Polycrystalline materials such as metals [1–3], rocks [4] and 
ceramics [5] are commonly encountered in nature and indus-
try. Their formation involves nucleation and growth through 
solidification, recrystallisation, grain growth, and solid-state 
phase transformation. These evolutionary processes form 
the polycrystalline microstructure with random morpho-
logical and crystallographic characteristics, consisting of 
grain aggregates with varying lattice orientations and sizes 
separated by grain boundaries. The random characteristics 
of polycrystalline microstructures affects fundamentally the 
macroscopic properties and performance of polycrystalline 
materials [1–5].

Advancements in microscopic imaging, particularly Ori-
entation Imaging Microscopy techniques (OIM) such as 
X-ray diffraction and electron backscattering diffraction, 
have made quantitative microstructure characterisation/
representation of polycrystalline materials essential for 
understanding how processing history shapes microstruc-
ture and influences material properties. The characteristics 
of polycrystalline microstructure is typically represented by 
a range of statistical descriptors, including phase volume 
fraction, two-point correlation, chord length [6–8], grain ori-
entation [9], grain misorientation [9], axial grain size [10], 
and N-point probability functions [11–13], among others.

Microstructure reconstruction generates digital poly-
crystalline microstructures that can be used to support 
further quantitative analysis. Such digital microstructures 
are often referred to as Representative Volume Elements 
(RVEs) in the literature, defined as the minimum volume of 
a microstructure whose properties and statistical descriptors 
exactly match those of a macroscopic solid [14]. RVE gen-
eration techniques for polycrystalline materials are divided 
into experimental and synthetic models [15]. Experimen-
tal models focus on reconstruction through experimental 
characterisation of actual polycrystalline microstructures. 
However, relying solely on imaging techniques to study the 
polycrystaline microstructures has limitations. First, obtain-
ing high-quality microstructure images can be time-con-
suming and costly. Second, capturing all the random char-
acteristics formed during processing is challenging, either 
due to the lack of statistical homogeneity in experimental 
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reconstructions or because the parameter space is too vast 
to sample effectively within a reasonable time frame [16].

Synthetic models offer an efficient alternative to experi-
mental reconstruction. These models can be generally clas-
sified into two types: physics-based and geometry-based [15, 
16]. Physics-based models replicate the microstructure for-
mation processes, leveraging the fundamental principles of 
Processing-Structure (PS) linkages in polycrystalline materi-
als. Various methods are employed in physics-based recon-
structions, including cellular automata, Monte Carlo meth-
ods, vertex/front tracking, level set methods, and phase field 
methods. On the other hand, geometry-based models create 
ensembles of statistically equivalent polycrystalline micro-
structures, commonly referred to as Statistically Equivalent 
Representative Volume Elements (SERVEs) [14, 17–19]. 
The effective properties and statistical characterisations 
derived from averaging multiple geometric reconstructions 
are equivalent to those obtained from an RVE reconstruction 
[14, 20]. Techniques such as simplistic morphology, Voronoi 
tessellation, ellipsoid packing, texture synthesis, high-order 
methods, reduced-order methods, and machine learning are 
all used in the geometry-based reconstructions of polycrys-
talline microstructures.

After digitally reconstructing polycrystalline materials, 
the digital microstructure must be discretised to support 
computational modelling. Accurate identification of the 
grain morphology plays a crucial role in this process. Gen-
erally, microstructure discretisation can be achieved through 
two approaches: (a) grid discretisation and (b) vertex-edge-
face discretisation. The grid discretisation method employs 
regular grid units to partition the entire domain systemati-
cally. This approach is independent of grain shapes, mak-
ing it straightforward to implement and widely utilized in 
data collection for experimental reconstruction, as well as 
in cellular automata and Monte Carlo methods within phys-
ics-based reconstructions. However, the grain morphology 
characterised through grain discretisation is often limited 
to basic geometric forms and can be significantly affected 
by grid anisotropy. In contrast, the vertex-edge-face discre-
tisation method begins by discretizing vertices to establish 
coordinate points, which are then used to generate grain 
edges. These edges serve as the foundation for constructing 
grain faces, ultimately forming grain volumes within the 
space. This approach is highly dependent on the specific 
shapes of the grains, allowing for flexible and accurate char-
acterisation of diverse grain morphologies. Consequently, 
it is extensively employed to capture complex interfaces in 
polycrystalline materials.

The remainder of the paper is structured into four sec-
tions. section 2 discusses the methods for experimental 
reconstruction of actual polycrystalline microstructures. sec-
tion 3 focuses on physics-based techniques for reconstruc-
tion of microstructure evolution under specific processing 

constraints. section  4 explores geometry-based recon-
struction methods aimed at generating statistical charac-
terisations in polycrystalline materials. Finally, concluding 
remarks, challenges, and future perspectives are presented 
in section 5.

2 � Experimental Reconstruction

There are many imaging techniques capable of obtaining 
microstructure information for polycrystalline materials. 
Generally speaking, these techniques can be classfied into 
three categories [21]:

•	 Plane-section microscopy techniques: Optical Micros-
copy (OM) [22], and Scanning Electron Microscopy 
(SEM) [23].

•	 X-ray microtomography techniques: micro-Computed 
Tomography ( �CT) [24], Synchrotron micro-Computed 
Tomography (S-�CT) [24], and Nano Computed Tomog-
raphy (NanoCT) [24].

•	 Orientation Imaging Microscopy (OIM) techniques: 
X-ray diffraction [25], three dimensional Orientation 
Mapping in the Transmission Electron Microscope 
(3DOMiTEM) [26], Scanning Precession Electron Dif-
fraction (SPED) [27], and Electron Backscattering Dif-
fraction (EBSD) [28].

Among the aforementioned techniques, plane-section 
microscopy and X-ray imaging are used to detect variations 
in microstructural scale, composition and chemistry within 
polycrystalline materials. Orientation imaging microscopy 
techniques, on the other hand, measure lattice orientation 
through Bragg diffraction. These microscopic imaging tech-
niques can be broadly divided into two categories: destruc-
tive and non-destructive approaches [15]. Destructive recon-
struction involves acquiring data by sequentially removing 
sections of the material (Fig 2), while non-destructive 
reconstruction gathers data through a series of transmis-
sion images taken from different projection angles (Fig 9). 
Although destructive reconstruction techniques are more 
commonly used in experimental reconstruction due to their 
accessibility and higher resolving capability, they consume 
the material specimen and can be time-consuming. Addition-
ally, the quality of reconstruction is heavily influenced by the 
sample preparation. In contrast, non-destructive reconstruc-
tion preserves the integrity of the sample but requires the use 
of high-intensity radiation sources. Figure 1 illustrates the 
classification of imaging techniques, whilst the following 
two subsections provide detailed information on destructive 
and non-destructive reconstruction methods, including their 
workflows, advantages, and disadvantages.
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2.1 � Destructive Reconstruction

Early efforts to reconstruct 2D polycrystalline microstruc-
tures using destructive reconstruction methods were suc-
cessful. However, crucial morphological information such 
as grain size, shape and boundary features is influenced 
by spatial connectivity in 3D space and cannot be fully 
quantified from 2D microstructures alone. In recent years, 
the serial sectioning methodology has been developed to 
address this limitation by collecting and assembling 2D 

microstructure data into a 3D reconstruction of polycrystal-
line materials. The serial sectioning reconstruction process 
involves three steps: data collection, data processing, and 
space discretisation.

•	 Data collection: In this step, 2D microstructure data is 
sequentially collected for later assembly into a 3D model, 
as illustrated in Fig 2. Data collection can be performed 
manually or automatically, with manual methods trac-
ing back to the 1960s. The process begins by preparing 

Fig. 1   Imaging techniques for polycrystalline materials: destructive and non-destructive reconstruction, and the spatial resolution

Fig. 2   The workflow of destructive reconstruction. Adapted from [40], Copyright (2008), with permission from Elsevier



Recent Progress of Digital Reconstruction in Polycrystalline Materials﻿	

repetitive, consistent-thickness, and flat sections through 
techniques such as sputtering, ablating, polishing, etch-
ing, and cutting. This continues until the the desired 
sample volume is achieved. OM [22] and SEM [23] 
are commonly used to visualize grain boundaries [22, 
23], microcracks [29], pores [30] and precipitates [23], 
while Electron Backscatter Diffraction (EBSD) [31] is 
employed to characterise crystallographic information. 
The repetitive nature of this data collection process lends 
itself well to automation, which enhances efficiency and 
reduces variability [32]. Several automated devices are 
commonly used for serial sectioning reconstruction 
[33], including the Alkemper and Voorhees Micromiller 
(AVM) [34], Robo-Met.3D (RM) [30], Broad Ion Beam 
(BIB) [35] and Focused Ion Beam (FIB) systems, such 
as Gallium FIB (GFIB) [36, 37]), multiple beam FIB 
systems and Plasma FIB (PFIB) [38]. In practice, these 
automation devices are often integrated with imag-
ing systems. For instance, the OM is paired with AVM 
[34] and RM [39], while SEM is used with RM [30], 
BIB [35] and FIB [36]. AVM, RM and BIB can achieve 
micron-level precision, making them suitable for imag-
ing micron-scale features such as grains, thermodynamic 
phases, and pores (Fig 1). FIB systems can achieve high 
accuracy on both micron and submicron scales, suitable 
for imaging grains, grain boundaries, and precipitates 
(Fig 1). Additionally, FIB systems can produce highly 
refined serial sections with thickness approximately 
10-15nm through closed-loop control. Beyond OM and 
SEM, EBSD can be integrated into RM [30], BIB [35], 
and FIB [40] systems to provide comprehensive micro-
structure reconstructions, incorporating detailed crystal-
lographic information.

•	 Data processing: This step combines the collected 2D 
data sets into a 3D data stack through a series of opera-
tions, including thresholding, alignment, clean-up and 
segmentation [31]. Depending on the imaging techniques 
used during data collection, three primary microstruc-
ture segmentation strategies are employed: the water-
shed algorithm for identifying grain boundaries in OM 
(Fig 3a), brightness contrast for identifying precipitates 
in SEM (Fig 3b), and orientation data mapping for iden-
tifying grains and twins in EBSD (Fig 3c). For more 
detailed information on these segmentation strategies, 
readers are directed to the references [41].

•	 Space discretisation: This step identifies individual grains 
within the digital microstructure using either grid or ver-
tex-edge-face-volume discretisation. The grid discretisa-
tion method is primarily employed during data collection 
and processing, and it sometimes serves as an input for 
the vertex-edge-face discretisation scheme. Two main 
techniques used in the vertex-edge-face-volume method 
are the marching cubes algorithm [22] and the CAD-

based surface fitting technique [40]. The marching cubes 
algorithm captures grain topological information, such as 
quadruple points, triple lines, and grain surfaces (Fig 4). 
This process begins by replacing boundary grids with 
marching cubes, followed by identifying the intersection 
of the isosurface, and concluding with smoothing and 
mesh decimation. On the other hand, the CAD-based sur-
face fitting technique offers a smooth characterisation of 
grain surfaces. It starts by identifying the set of boundary 
grids, then matching polynomial surfaces, and concludes 
with an algorithm to clean up overlaps and gaps.

Recent research on the serial sectioning methodologies 
has focused on large-scale datasets, high efficiency, and 
high-resolution reconstruction to better characterise com-
plex, fine microstructures. Although the FIB system offers 
improved sectioning fidelity and efficient automated serial 
sectioning and image acquisition [42], it has limitations 
regarding the volumes, portions, resolution, and milling 
times of the collected data [38]. To address these shortcom-
ings, researchers have developed OM-based 3D reconstruc-
tion techniques to view and analyze large grain datasets [43]. 
Additionally, the Xenon plasma-focused ion beam (PFIB) 
has been introduced, offering faster milling times, improved 
resolution, and the ability to handle larger volumes com-
pared to conventional FIB systems [38]. The PFIB has been 
successfully employed to reconstruct the � lath and 3-variant 
clusters in additively manufactured Ti-6Al-4V [31] (Fig 5).

Furthermore, the Tribeam (TB) system has been devel-
oped by integrating a femtosecond laser into a FIB setup 
[44]. The main advantage of the TB (laser-FIB) system is its 
significantly faster milling time, up to 2,000 times quicker 
than traditional FIB and 100 times faster than PFIB with-
out causing substantial damage to the material [45]. More 
recently, a TB system has been implemented on the PFIB 
platform (femtosecond laser-PFIB) [29], enabling laser sec-
tioning at rates 4–5 orders of magnitude faster than GFIB 
[33] and subsequent surface cleanup at speeds 10–20 times 
faster than GFIB. Moreover, advanced imaging processing 
techniques have been introduced to enhance data processing 
and ensure accurate microstructure reconstruction. Exam-
ples include machine learning approaches for precipitate 
segmentation and classification [23], the k-means cluster-
ing algorithm for determining initial growth orientations in 
grains with complex morphologies [44], the variant graph 
approach [46] (Fig 6), and the graph clustering algorithm for 
parent grain reconstruction [47].

Destructive reconstruction has become a widely used 
technique for building PSPP linkages in polycrystalline 
materials [29]. It has been applied in various processes, 
including solidification, recrystallisation, grain growth, and 
solid-state phase transformation, in both traditional and addi-
tive manufacturing (Table 1). For example, [48] built the TB 
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system of EBM-printed bulk IN718 to reveal the sensitivity 
of microstructure solidification under steady-state growth 

conditions (Fig 7). The SEM was utilized [49] to study the 
surface and subsurface recrystallisation reconstruction of 

Fig. 3   Microstructure segmentation strategies in destructive recon-
struction: a the watershed algorithm for identifying grain boundaries 
in OM, adapted from [22], Copyright (2014), with permission from 
Elsevier; b brightness contrast for identifying precipitates in SEM, 

reprinted from [23], Copyright (2021), with permission from Else-
vier; c orientation data mapping for identifying grains and twins in 
EBSD, reprinted from [41], Copyright (2020), with permission from 
Elsevier

Fig. 4   Large-dataset recon-
struction of polycrystalline 
microstructures: a visualization 
of a part of the large-dataset 
reconstruction, b visualiza-
tion of the internal structure, 
c visualization of a single grain 
exhibiting different topological 
characteristics. Adapted from 
[22], Copyright (2014), with 
permission from Elsevier
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polycrystalline platinum during the annealing stage in the 
oxygen atmosphere. The EBSD was employed by [50] to 
reconstruct the transformation from the as-solidified �-Ti 
phase to �-Ti phase in melted Ti-6Al-4V. In addition to PS 
linkages, Digital Image Correlation (DIC) techniques have 
been used to establish SPP connections [51]. DIC tracks 
surface characteristics of a sample through a series of digital 
reconstructions to generate a displacement field, which can 
then be used to measure the strain fields on the specimen’s 
surface [52]. This technique has been combined with spatial 
and crystallographic orientation data from EBSD to detect 
microstructural strain localization [53] and has also been 
adapted for high-resolution DIC (HR-DIC) within SEM [54]. 
Moreover, femtosecond laser-PFIB techniques have been 
employed on AA7050 and AA7085 alloys to investigate the 
interaction of 3D cracks with the surrounding microstruc-
ture [29] (Fig 8). Several open-source software packages 
are availalbe for destructive reconstruction in polycrystal-
line materials, including ImageJ [55], MTEX [56], and 
DREAM.3D [57].

2.2 � Non‑Destructive Reconstruction

Non-destructive reconstruction generates a 3D reconstruc-
tion of polycrystalline materials by combining 2D projec-
tion images, thereby avoiding the need for material section 
removal (Fig 9). The main workflow of non-destructive 
reconstruction is similar to those of the serial sectioning 
method, but the algorithms employed differ significantly.

•	 Data collection: In this step, 2D projection data is 
sequentially acquired using X-ray microtomography and 
X-ray diffraction techniques. X-ray microtomography is 
generally classified into absorption and phase contrast 

types [24]. In absorption-contrast X-ray microtomogra-
phy systems like �CT, S-�CT, and Nano-CT, mathemati-
cal projection algorithms can interpret measured inten-
sity variations as an attenuation coefficient distribution, 
which reveals porosity, crack morphology, grain bound-
aries, precipitates, thermodynamic phases, and other 
microstructural features within polycrystalline materi-
als (Table 2). Phase-contrast X-ray microtomography 
systems exhibit significantly greater sensitivity to small 
density differences and varying phase shift than absorp-
tion-contrast X-ray microtomography due to coherent 
Fresnel diffraction techniques [64, 65] and are addition-
ally employed for detecting brittle fractures and fatigue 
cracks (Table 2). X-ray diffraction systems including 
Differential-Aperture X-ray Microscopy (DAXM) [66], 
Three-Dimensional X-ray Diffraction Microscopy [67] 
(3DXRD, also known as High-Energy X-ray Diffrac-
tion Microscopy (HEDM) [68]), and Diffraction Con-
trast Tomography (DCT) [69], utilize Bragg diffraction 
to measure crystallographic orientation [64]. DAXM 
combines the polychromatic synchrotron X-ray micro-
beam and a charge-coupled device detector to measure 
intra- and intergranular orientations and grain sizes [70]. 
The HEDM was established at Denmark’s Ris� National 
Laboratory to reconstruct 3D grain orientations and 
boundary maps [67]. HEDM can be further categorized 
as Near-Field High Energy Diffraction Microscopy (NF-
HEDM) and Far-Field High Energy Diffraction Micros-
copy (FF-HEDM) [64, 71]. NF-HEDM uses high-reso-
lution near-field detectors to reveal grain orientations, 
shapes, and edges, whereas FF-HEDM employs far-field 
detectors with lower resolution to determine each grain’s 
centroid position, average orientation and average lat-
tice strain tensor [72]. Recent advancements have inte-

Fig. 5   The � lath and 3-variant clusters in additively manufactured Ti-6Al-4V reconstructed by PFIB-SEM. Reprinted from [31], Copyright 
(2020), with permission from Elsevier
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grated NF-HEDM and FF-HEDM techniques to recon-
struct spatial intragranular lattice orientation fields [71]. 
Furthermore, NF-HEDM and X-ray microtomography 
techniques have been employed together to establish the 
SPP connections in polycrystalline materials (Fig 10). 
The DCT, developed by [73] and inheriting projection 
reconstruction principles from 3DXRD, utilizes a mon-
ochromatic wide beam and a single near-field detector 
to reconstruct grain and orientation maps with full 360◦ 
scans. This technique reduces scanning and analysis 

times while facilitating integration with X-ray microto-
mography [69, 72]).

•	 Data processing: This step integrates 2D projection 
data from X-ray microtomography and X-ray diffraction 
into a 3D data set through advanced image processing 
algorithms. For example, the filtered back projection 
algorithm [78] and image segmentation techniques [90] 
for X-ray microtomography data (Fig 11a). Readers are 
directed to [77] for more detailed information. In X-ray 
diffraction data processing, examples include the thresh-

Fig. 6   Parent grain reconstruc-
tion using the variant graph 
approach: a the reconstructed 
parent austenite grains are 
shown in black boundaries, b a 
single, heavily twinned parent 
austenite grain extracted from 
a, c pole figure showing the 
martensite orientations in b. 
Reprinted from [46], Copyright 
(2022), with permission from 
Elsevier
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olding techniques for diffraction spot segmentation [67], 
the ray tracing and Friedel pairs schemes for determin-
ing diffracted X-rays’ direction [67], the GRAINDEX 
[91] and GrainSpotter [92] algorithms for grain index-

ing, and the Algebraic Reconstruction Technique (ART) 
[93], GrainSweeper [94], and forward-projection algo-
rithms [95] for grain reconstruction (Fig 11b). For more 
detailed information, readers are directed to references 

Fig. 7   Solidification recon-
struction of bulk IN718 under 
steady-state growth condi-
tions: a fully-reconstructed 3D 
volumes of a1 the Raster Melt 
sample, a2 the Untextured Spot 
sample, and a3 the Textured 
Spot sample; b isolated solidifi-
cation event in Untextured Spot 
sample b1 the Untextured Spot 
build, b2 nucleated grains lying 
fully above the planar cutoff, 
b3 the full-extent of grains 
touching the isolated melt 
pool, b4 gray planes spaced 50 
� m along the build direction. 
Reprinted from [48], Copyright 
(2022), with permission from 
Elsevier

Fig. 8   3D reconstruction of 
the crack path (shown in dark 
blue) and interactions with the 
surrounding microstructure: 
a Entire segmented crack 
within the analyzed 3D volume, 
b cracking adjacent to large 
plate-like deformed grain 1, 
c cracking between deformed 
grain 1 and recrystallized grain 
1, and d deviation of the crack 
around recrystallized grain 2. 
Reprinted from [29], Copyright 
(2022), with permission from 
Elsevier
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[25]. Recently, deep learning has advanced X-ray Bragg 
peak analysis in diffraction data processing [96]. Several 
software packages are available for X-ray data process-
ing, including X-ray microtomography software Avizo 
[97], 3DXRD software IceNine [98], HEDM software 
[71] and DCT software [89].

•	 Space discretisation: This step identifies individual 
features within the digital microstructur using either 
grid or vertex-edge-face discretisation. Grain-based 
discretisation methods are commonly employed in the 
reconstruction of grain orientations [89, 99, 100], grain 
boundary migration [66], and strain fields [85, 101]. Sim-
ilar to destructive reconstruction, two main techniques 
employed in the vertex-edge-face method are the march-
ing cubes algorithm [24] and the CAD-based surfing fit-
ting [100]. Several software packages are available for 
vertex-edge-face based discretisation in non-destructive 
reconstruction, including OOF2 [102] and Amira [103] 
(Fig 12).

Recent research in non-destructive reconstruction empha-
sizes enhancing experimental facilities to achieve accurate, 
efficient, and high-resolution reconstructions of polycrystal-
line microstructures. To address the resolution limitations 
of X-ray diffraction techniques, researchers have developed 
Nano X-ray Diffraction Computed Tomography (NXRD-CT) 

[74] and Dark Field X-ray Microscopy (DFXM) [104, 105] 
systems. Both methods achieve sub-micrometre spatial 
resolution but sacrifice temporal resolution due to their 
multi-dimensional scanning operations [64]. The scanning 
3DXRD (S3DXRD) technique, achieved by narrowing the 
X-ray beam cross-section to sub-grain dimensions, enables 
the investigation of intragranular changes and the analysis 
of samples with multiple grains [84, 85, 101]. Topotomog-
raphy (TT) enhances spatial and temporal resolution through 
a modified DCT acquisition geometry, allowing for imaging 
of individual grains with detector resolution tailored to the 
grain size [75, 106]. The technique has been integrated with 
DCT to achieve high-spatial-resolution grain orientation 
mapping [64] and bulk plasticity observation [89] (Fig 13). 
Laboratory X-ray Diffraction Contrast Tomography (Lab-
DCT) is an emerging reconstruction technique that extends 
the applicability of DCT to home laboratories [68, 99]. This 
technique has proven valuable for investigating 3D grain 
structures and 4D (space and time) structural evolutions 
[78, 99]. Recent advancements in LabDCT include enhanced 
grain orientation mapping through DL-based data process-
ing [107] and improved geometric measurement accuracy 
[99].

In addition to X-ray based reconstruction, TEM-based 
techniques such as Three-Dimensional Orientation Mapping 
in Transmission Electron Microscopy (3D-OMiTEM) [26, 

Table 1   A summary of imaging techniques used in destructive reconstruction during the processing and manufacturing of polycrystalline mate-
rials

Evolutionary processes Imaging techniques Microstructural features

Recrystallisation and grain growth SEM [58]; EBSD [59]; OM [60]. Grain boundaries identification [60]; grain coarsening 
[59, 60]; grain refinement [59, 60].

Solidification SEM [59]; EBSD [61]; OM [62]. Dendrite structure [62]; solidified grain structure [62].
Solid-state phase transformation EBSD [31, 50]. Parent phase [47, 50]; phase boundaries [50, 63]; 

phase morphologies [31, 50].

Fig. 9   The workflow of Non-destructive reconstruction
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108] and Scanning Precession Electron Diffraction (SPED) 
[27] have been developed for non-destructive analysis of 
polycrystalline materials at the nanometer scale. Recently, 
the 3D-OMiTEM and SPED-based TEM techniques have 
been extensively employed to reconstruct polycrystalline 
microstructures and characterise features such as grains ori-
entations [109, 110], precipitates [110], grain boundaries 
[26], and thermodynamic phases [27]. Detailed information 
on data collection, data processing, and software packages 

used in TEM-based reconstruction is available in the refer-
ences [26, 27].

As illustrated in Table 2, non-destructive reconstruction 
has become a widely used technique to establish PSPP 
linkages in polycrystalline materials. In PS linkages for 
both traditional [78] and additive manufacturing [77], 
recent years have witnessed significant breakthroughs for 
understanding grain coarsening [78] (Fig 14a), and grain 
boundary migration [78] (Fig 14b) during recrystallisation 
and grain growth, dendrite growth [77] (Fig 15) during 

Fig. 10   Fatigue crack propaga-
tion and lattice strain characteri-
sations using HEDM in a Ni-
based superalloy: a schematic 
of the HEDM experimental 
setup, which includes �CT, NF-
HEDM, FF-HEDM, and recip-
rocal space mapping, b1 grains 
of interest surrounding the crack 
path, b2 grains adjacent to the 
crack on the front and the back 
face, b3 the orientation distribu-
tion of the grains adjacent to the 
crack, c grain average elastic 
strain tensor for each grain adja-
cent to the crack on the front 
and the back face. Adapted from 
[72], Copyright (2019), with 
permission from Elsevier
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solidification, and thermodynamic phase boundaries and 
morphologies [82] during solid-state phase transforma-
tion. Integrating non-destructive reconstruction with DIC 
analysis [76] enables precise assessment of microstruc-
tural effects on micromechanical responses. For instance, 
HEDM combined with X-ray microtomography has been 
employed to study stress-strain evolution [51], ductile fail-
ure void coalescence [76] (Fig 16), and small fatigue crack 
propagation [72, 79] (Fig 10b). Additionally, advance-
ments in non-destructive techniques have enhanced the 
investigation of intragranular strain, stress fields (Fig 17), 
and bulk plasticity (Fig 13). For more detailed information 
on SPP linkages through non-destructive reconstruction, 
readers are directed to the references listed in Table 2.

3 � Physics‑Based Models

Several techniques, including cellular automata, Monte 
Carlo methods, level set methods, and phase field methods, 
have been developed to reconstruct evolutionary processes 
in polycrystalline materials. Cellular automata and Monte 
Carlo methods discretise the domain with grids and update 

state variables at each grid through discrete time steps [111]. 
In contrast, level set and phase field methods track continu-
ously the evolving position of time- and space-dependent 
interfaces through continuous motion functions [111]. The 
following subsections outline the workflows of these meth-
ods alongside their advantages and limitations.

3.1 � Cellular Automata

Cellular Automata (CA) [111–113] models are based on 
three basic rules: (a) grid discretisation that divides the 
domain into discrete cells with different state features, (b) 
neighbourhood identification that finds each cell’s closest 
neighbours, and (c) transformation rules that updates the 
state features of all cells. These rules guide the prediction 
of the spatial and temporal evolution of microstructures 
in polycrystalline materials, and execution procedure is 
summarized below.

•	 State generation: The analytical domain is discretised 
into cells, typically regular but also capable of accom-
modating random [114] and irregular configurations 
[115]. State variables, such as dislocation density and 

Table 2   A summary of X-ray based imaging techniques for non-destructive reconstruction in polycrystalline materials

Imaging techniques Collection types Microstructural features Properties and performance

Micro-computed tomography ( �CT) Absorption contrast Minerals [24]; porosities [24]. −
Micro-computed tomography ( �CT) Phase contrast Minerals [24]; porosities [24]. −
Synchrotron micro-computed tomog-

raphy (S-�CT)
Absorption contrast Precipitates [74]; grain boundaries 

[75]; thermodynamic phases [75]; 
porosities [69, 72, 75, 76]; dendrite 
growth [77].

Brittle fracture [75]; fatigue failure 
[72]; ductile failure [76].

Synchrotron micro-computed tomog-
raphy (S-�CT)

Phase contrast Grain boundaries [75]; thermody-
namic phases [75]; grain structure 
[78]; porosities [75].

Brittle fracture [75]; fatigue failure 
[79].

Nano computed tomography (Nano-
CT)

Phase contrast Precipitates [74]. −

Nano X-ray fluorescence (Nano-
XRF) microscopy

Absorption contrast Grain boundaries [80]. −

Differential-aperture X-ray micros-
copy (DAXM)

Orientation data mapping Grains orientations [81]; grain 
boundary migration [66]; phase 
boundaries and morphologies [82].

Elastic strain [83].

Scanning three-dimensional X-ray 
diffraction microscopy (S3DXRD)

Orientation data mapping Grains orientations [84]. Intragranular strain [85] and stress 
[86] fields.

High-energy X-ray diffraction 
microscopy (HEDM)

Orientation data mapping Grains orientations [87]. Lattice strain [72]; stress-strain evolu-
tion [51]; intragranular strain [88].

Diffraction contrast tomography 
(DCT)

Orientation data mapping Grains orientations [64]. Intergranular stress corrosion cracking 
[73].

Topotomography (TT) Orientation data mapping Grain boundary migration [67]; 
grain coarsening [75].

Bulk plasticity [89].

Laboratory diffraction contrast 
tomography (LabDCT)

Orientation data mapping Grains orientations [78], grain 
coarsening [78], grain boundary 
migration [78].

−
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crystal orientation, are then assigned to each cell, with 
initial values determined through random initialisa-
tion [116], experimental data acquisition from physi-
cal samples [59], or extraction from simulation results 
[59].

•	 State update: Following state generation, state variables 
are updated through discrete time steps for all cells 
based on transformation rules. At each time step, the 
neighbourhood of each cell is identified (Fig 18), and 
transformation rules update each cell’s state accord-
ing to its previous state and the states of neighbouring 
cells. Both deterministic [117] and probabilistic [118] 
switching rules can be applied. A popular probabilistic 
criterion [119] is 

 where wswitch is the local switching probability, v is 
the local grain boundary velocity [120] and vmax is the 

(1)wswitch =
v

vmax

maximum velocity in the analytical domain for the previ-
ous time step.

CA models are widely used to explore PSPP linkages in 
polycrystalline materials due to their flexibility in selecting 
appropriate transformation rules. Table 3 presents the PSPP 
linkages in polycrystalline materials and assesses the ben-
efits and drawbacks of evolutionary process reconstructions 
via CA models. CA models have been employed to recon-
struct recrystallisation and grain growth evolution across 
various traditional manufacturing methods, including hot 
compression [119], hot tension [121], hot extrusion [122], 
hot rolling [123, 124], hot forming [125], heat-assisted incre-
mental sheet forming [126], and annealing stages [127], as 
well as multi-pass compression and annealing [59]. These 
techniques take initial parameters such as grain size, orienta-
tion, boundary conditions, dislocation density, and thermo-
mechanical factors (including temperature and strain rate) 
as input data [121]. Following the integration of thermal 
[125], mechanical [125], thermo-mechanical [125], nuclea-
tion [59], growth [111], dislocation density [111], and crys-
tal plasticity models [121], the resulting output data reflect 
microstructural evolution, characterised by changes in grain 
sizes and shapes (Fig 19), as well as macroscopic properties 
such as flow stress [125], stress and strain response [121], 
stress and strain distribution [121], and dislocation density 
distribution [121]. Recrystallisation reconstruction through 

Fig. 11   a Internal grain structure reconstruction of the Ti-�21S sam-
ple using X-ray phase contrast microtomography; b  Grains and ori-
entation mapping using X-ray diffraction; Grains are coloured by 
crystallographic orientation according to the inverse pole figure. 
Reprinted from [78], Copyright (2021), with permission from Else-
vier

Fig. 12   Different levels of the vertex-edge-face-based grain recon-
struction from the DCT data. Reprinted from [103], Copyright 
(2011), with permission from Elsevier
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CA models is classified into Static recrystallisation (SRX) 
and Dynamic recrystallisation (DRX) [59]. For further 

details, readers are referred to [59] for SRX and [122] for 
DRX.

Fig. 13   a DCT reconstruction of the Ti-7Al specimen; b Investigation of interior and surface grains by TT; c Identification of bulk slip events by 
TT. Reprinted from [89], Copyright (2022), with permission from Elsevier

Fig. 14   a Time-lapse series of a fast-coarsening grain (blue color) in 
the selected region of interest (RoI) of powder metallurgy (illustrated 
left) during the sintering densification process. The top and bottom 
sequences for each time step show two different views of the ROI in 
the sample; b Time-resolved tracking of the grain boundaries of the 

fast-coarsening grain (solid) and several contacting grains (transpar-
ent) at selected time steps. The grains are colored by crystallographic 
orientation according to the inverse pole figure. Reprinted from [78], 
Copyright (2021), with permission from Elsevier
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CA models for recrystallisation and grain growth recon-
structions have seen significant advancements in recent 
years. For instance, researchers have integrated CA models 
with Crystal Plasticity Finite Element Method (CPFEM) 
[116, 121] and Finite Volume Method (FVM) [131] to 
improve predictive capabilities and tackle inhomogenei-
ties and multi-scale deformation. A statistical ensemble CA 
model was introduced by [132] based on single units from 
a large bulk specimen, which exhibited remarkable accu-
racy and significantly reduced computational time. A three-
dimensional Frontal Cellular Automata (FCA) model was 
developed by [123] for computation time reduction and 3D 
reconstruction (Fig 20). A Multilevel Cellular Automaton 
(MCA) model was developed by [125] to tackle the intri-
cacies of recrystallisation nucleation and grain topological 
deformation. CA models provide several notable advantages 

for reconstructing recrystallisation and grain growth. Firstly, 
their grid discretisation structure is flexible and facilitates 
the capture of recrystallisation dynamics and topological 
characteristics [133]. Additionally, high spatial resolution 
can be achieved by adjusting the size of the discretisation 
cells [134]. Moreover, parallel computing is feasible since 
each cell’s state update relies on data from its local neigh-
bourhood, leading to enhanced computational efficiency 
[134]. Finally, the transformation rules in CA models also 
allow for easy calibration across various time and length 
scales. On one hand, these models can reconstruct recrys-
tallisation and grain growth using straightforward transfor-
mation rules [111]. On the other hand, they can integrate 
thermodynamic, curvature-driven, and energy dissipation 
mechanisms into the transformation rules, enabling realis-
tic characterisation of grain boundary migration [111]. The 

Fig. 15   a  Volume renderings of the tomography scans of the Al 
dendrites in the absence and presence of ultrasound melt processing 
(USMP); b  The growth and morphology evolution of individual Al 

dendrites in the absence and presence of USMP. Reprinted from [77], 
Copyright (2021), with permission from Elsevier
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limitations of CA models primarily stem from their aliased 
characterisation of interfaces and curvature. In these models, 
the interface comprises a single layer of cells separating two 
distinct local states (e.g., crystal orientations), leading to a 
stair-stepped structure with sharp discontinuities at edges 
and corners.

CA models are also extensively applied in reconstruct-
ing solidification evolution [135]. These techniques take 
state labels (e.g. solid, liquid, and void related to gas), grain 
information (e.g. grain ID, orientation, and envelope), and 
solidification parameters (e.g. temperature, diffusion coef-
ficient, partition coefficient, and initial concentration) as 
input data [61]. Following the integration of thermal [61], 
nucleation [61], solute diffusion [59], growth [61], and 
crystal plasticity models [129], the resulting output data 
reflect microstructural evolution, characterised by changes 
in dendrite growth and solidified grain structure (Fig 21)), 
as well as macroscopic properties such as the stress and 
strain response and stress and strain distribution [129]. To 
establish PSPP linkages in solidification reconstructions, 
CA models must be integrated with numerical methods such 
as Lattice Boltzmann Method (LBM) [136], Finite Differ-
ence Method (FDM) [129], FVM [137], and CPFEM [61, 
129] to model heat sources, heat transfer, fluid flow, and 
micromechanical behaviour. CA models for reconstruct-
ing solidification evolution were initially developed for the 

welding [138] and casting [139] processes. Recently, these 
techniques have been employed to reconstruct the solidifica-
tion evolution of Additively Manufactured (AM) materials 
(Fig 22)). Examples of AM processes are Hybrid Deposition 
and Micro-Rolling (HDMR) [131], Laser Additive manufac-
turing (LAM) [112], Direct Laser Deposition (DLD) [61], 
Direct Energy Deposition (DED) [62], Powder Bed Laser 
Beam Melting (PB-LBM) [129], and Selective Laser Melt-
ing (SLM) [137].

Recent efforts in CA models for solidification recon-
struction have centred on reducing computational cost 
and enhancing efficiency. For example, [141] introduced a 
high-efficiency Virtual Submesh Cellular Automata (VSCA) 
method to address the computational challenges associated 
with multiple orientations and large-scale reconstructions. 
Additionally, parallel computing has been successfully inte-
grated into CA models, enhancing its capability to recon-
struct solidification evolution in large 3D polycrystalline 
microstructures [140]. CA models for solidification recon-
struction offer advantages similar to those found in recrys-
tallisation and grain growth reconstruction, such as ease 
of implementation and high spatial resolution. CA models 
are also widely used for reconstructing solidified micro-
structures in additive manufacturing processes [113]. The 
accuracy of these reconstructions is enhanced by ground-
ing CA models in the physics of dendritic tip kinetics 

Fig. 16   Investigation of void coalescence in ductile failure using 
HEDM and �-CT in a Ni-based superalloy: a1 void distribution in the 
region of interest (ROI) determined through �-CT, a2 cross-section D 
of the ROI, a3  cross-section H of the ROI. Extraction of the grain 
structure found through FF-HEDM reconstruction surrounding the 

coalescence site marked in a3: b1  initial state before coalescence, 
b2  at 3.4 % strain after coalescence, b3  region extracted around the 
coalescence site, b4 grain structure in the region of interest. Adapted 
from [76], Copyright (2020), with permission from Elsevier
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[142]. Additionally, CA models require less computational 
power [61] and can be applied to large 3D polycrystalline 
microstructures [141]. Finally, CA models utilize various 
techniques to assign crystallographic structures to grains, 

enabling the reconstruction of grain competition during 
solidification processes [113]. The main drawback of CA 
models for solidification reconstruction is their reliance on a 
single layer of cells to characterise the liquid-solid interface, 

Fig. 17   3D intragranular local 
(type II) and grain-averaged 
(type III) stress tensor fields in 
plastically deformed bulk steel. 
A In situ stress-strain curve, 
after 5.1% of elongation, the 
scanning 3DXRD measurement 
was performed under an applied 
tensile force of 290 MPa, as rep-
resented by the arrow and dot in 
red; B Schematic diagram of the 
scanning 3DXRD setup; C 3D 
orientation map; D to I 3D type 
II fields of (D) �x (E) �y , (F) 
�z , (G) �xy , (H) �yz , and (I)�zx ; 
J to O 3D intragranular type 
III fields of (J) �x , (K) �y , (L) 
�z , (M) �xy , (N) �yz , and (O)�zx . 
Reprinted from [86], Copyright 
(2020), with permission from 
“American Association for the 
Advancement of Science”

Fig. 18   Two common types of the neighbourhood for a cell in 3D cellular automaton: von Neumann neighbourhood and Moore neighbourhood
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complicating the depiction of solute trapping phenomena. 
Additionally, dendrite tip kinetics in CA models typically 
assume local equilibrium, which becomes invalid under 
rapid cooling scenarios [113]. Furthermore, the grid discre-
tisation inherent in these techniques limits their ability to 
accurately characterise finer microstructures, such as higher-
order dendritic branches [61].

CA models have also been effectively employed to recon-
struct solid-state phase transformations. These techniques 
take phase state variables, grain orientation, grain bound-
ary, and phase transformation parameters (like solute con-
centration and temperature) as input data [133]. Following 
the integration of thermal [116], mechanical [133], thermo-
mechanical [116], nucleation [133], growth [133], diffusion 
[143], and crystal plasticity [133] models, the resulting out-
put data reflect microstructural evolution, characterised by 
changes in nucleation, growth, and impingement (Fig 23)), 
as well as the macroscopic properties such as stress and 
strain response [130]. CA models have been coupled with 
CPFEM [130, 144], LBM [145], and FVM [146] for flow, 
heat transfer, diffusion, and multi-scale deformation analy-
ses. Researchers have employed CA models to reconstruct 
solid-state phase transformations in both traditional and 
additive manufacturing. Traditional manufacturing exam-
ples include cooling stages [147], annealing stages [148], 

grind-hardening [149], and multi-pass hot-rolling and cool-
ing [144]. In additive manufacturing, methodologies such as 
SLM [150], Electron Beam Selective Melting (EBSM) [150, 
151], and DED [143] have been applied. Like solidification, 
recrystallisation, and grain growth reconstructions, CA mod-
els for solid-state phase transformation reconstruction offer 
high spatial resolution and are straightforward to implement, 
avoiding the need to solve complex partial differential equa-
tions. These techniques effectively capture various aspects 
of microstructural physics in solid-state diffusional phase 
transformations [133]. Furthermore, CA models are com-
putationally efficient due to their discrete structure, which 
is well-suited for parallel computing. However, they exhibit 
an aliased characterisation of the interface and curvature 
between thermodynamic phases, complicating the precise 
calculation of mean curvature.

3.2 � Monte Carlo Methods

Monte Carlo (MC) models, derived from the Ising and 
Potts models [111, 112, 133], perform quantitative analy-
sis of practical polycrystalline microstructures through 
probabilistic sampling. At each time step, a set of random 
states is generated and evaluated on discrete lattices until 

Fig. 19   Reconstructd recrystallisation and grain growth (a-c) using 
cellular automata and corresponding experimental comparison (d-f) 
of polycrystalline microstructures for grain coarsening and refinement 
at different stages under annealing (I), adapted from [127], Copyright 

(2022), with permission from Elsevier, and hot extrusion processing 
(II), adapted from [128], Copyright (2022), with permission from 
Elsevier
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the desired polycrystalline microstructure is realised. The 
workflow is summarised below.

•	 State generation: Like CA models, the analysis domain 
is first discretisad into lattices, and then mapped into 
a polycrystalline configuration to form N lattice sites. 
Each lattice site si corresponds to a single grain, which 
is represented by a set of neighbouring lattices that 
share the same crystal orientation. Initial lattice states 
(e.g., thermodynamic phases, dislocation densities and 
crystal orientations) can be determined by random ini-
tialisation [152], experimental data acquisition from 
physical samples[153], or extraction from simulation 
results [154]. Subsequently, the total energy E of the 
analysis domain can be defined as [111] 

 where n is the number of neighbouring lattice sites for 
each lattice site si , Es indicates the stored density energy 
at the lattice site si , and the grain boundary energy �(si, sj) 
on lattice sites can be expressed as [112] 

 where J is a constant, � denotes the Kronecker symbol, 
and Osi

 and Osj
 are orientations of the current lattice site 

si and its neighbour. Enhanced versions of Equation 2 and 
Equation 3, which account for grain boundary angles and 
anisotropic effects, are detailed in [155].

•	 State update: Following state generation, grain nucle-
ation and growth are initiated to release the stored 
energy. Subsequently, lattice states and sites are 
updated, and the energy change ΔE from Equation 2 is 
computed to assess the acceptance or rejection of grain 
nucleation and growth. A popular probability criterion 
is given below [134]: 

 where wswitch is the switching probability, w0 is the 
reduced mobility, k is the Boltzmann constant and Ts 
is the temperature. A random number 𝜀 ⊂ [0, 1] is cre-
ated for each step: if � ≤ wswitch , the energy change is 
approved; otherwise, it is denied. Another frequently 
used probabilistic criterion can be stated as [112]: 

(2)E =

N∑
i=1

( n∑
j=1

1

2
�(si, sj) + Es(si)

)

(3)�(si, sj) = J

n∑
j=1

(
1 − �Osi

Osj

)

(4)wswitch(ΔE) =
1

2
w0

[
1 − tanh

(
ΔE

2kTs

)]
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 Grain nucleation and growth are accepted when ΔE 
decreases. When ΔE increases, grain nucleation and 
growth are accepted with Boltzmann probability. 
Enhanced versions of Equation 5, which account for 
grain boundary mobility, are detailed in [155].

MC models, employing a probabilistic approach based 
on lattice site reorientation, are highly effective for tack-
ling problems across various length and time scales [112]. 
Consequently, they are widely applied to reconstruct the 
evolutionary processes of recrystallisation, grain growth, 
solidification, and solid-state phase transformations in poly-
crystalline materials. MC models for recrystallisation and 
grain growth reconstructions take initial parameters such 
as grain size [156], grain orientation [155], grain bound-
ary [153], dislocation density [111], and thermomechanical 
parameters (like temperature and strain rate) [157] as input 
data. Following the integration of thermal [111], mechani-
cal [111], thermo-mechanical [158], nucleation [111], dis-
location density [111], and crystal plasticity [159] models, 
the resulting output data reflect microstructural evolution, 
characterised by changes in grain sizes and shapes (Fig 24)), 
as well as the macroscopic properties, including flow stress 
[152], yield stress [158, 160], hardness [160], stress and 
strain response [159], stress and strain distribution [158, 
159], dislocation density distribution [159], and damage 

(5)P =

⎧⎪⎨⎪⎩

1, ΔE ≤ 0

exp

�
−ΔE

kTs

�
, ΔE ≥ 0

initiation [158]. At each time step, grain nucleation occurs 
by introducing new grains at random points along grain 
boundaries. Each new grain consists of a small group of 
adjacent lattices with new orientation and zero stored energy 
[111]. Grain growth occurs by aligning the orientation of a 
randomly selected lattice site with that of its nearest neigh-
bours [111]. MC models effectively reconstruct both SRX 
and DRX. For further details, readers are refered to [161] 
for SRX and [111] for DRX. Researchers have employed 
MC models to reconstruct the evolution of recrystallisation 
and grain growth processes in both traditional and additive 
manufacturing. Traditional manufacturing examples include 
annealing stages [162], hot rolling [152], hot extrusion 
[161], and equal channel angular extrusion [159]. In addi-
tive manufacturing, relevant methodologies include Powder 
Bed Fusion (PBF) [154], DED [154], Friction Stir Additive 
Manufacturing (FSAM) [163], and SLM [158]. MC models 
have integrated CPFEM [154, 154] to analyse heat transfer, 
thermo-mechanical behaviour, and multi-scale deformation.

MC models provide significant advantages for recon-
structing recrystallisation and grain growth due to their 
simplicity of implementation, alongside moderate com-
putational requirements [111]. The high efficiency of MC 
models is especially significant considering the algorithm’s 
substantial potential for parallelisation [133]. However, MC 
models do not incorporate transformation rules, leading to 
reconstruction times unrelated to the actual physical pro-
cesses. Thus, MC reconstruction outcomes do not adequately 
capture grain boundary-changing mechanisms. The grain 
growth index obtained from MC models also often diverges 
from its theoretical counterpart [111]. Consequently, scaling 

Fig. 20   Reconstructd recrystallisation using the 3D frontal cellular automata under flat rolling processing: a before the flat rolling, b after the flat 
rolling, c after the cooling. Adapted from [123], Copyright (2018), with permission from Elsevier
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Fig. 21   Microstructures under different processing parameters: a1-
a4  dendrite structure reconstructed by experiment; b1-b4  dendrite 
structure from CA reconstruction; c1-c4  solidified grain structure 

from CA reconstruction. Reprinted from [62], Copyright (2022), with 
permission from Elsevier

Fig. 22   Reconstruction of 
the solidified grain structure 
through cellular automata 
in additive manufacturing. 
Adapted from [140], Copyright 
(2021), with permission from 
Elsevier
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or synchronising MC reconstruction time with real-time con-
ditions is usually necessary [157].

The initial lattice states reconstructing solidification evo-
lution in MC models are set to zero, indicating a liquid state. 
Following the integration of thermal, nucleation, and diffu-
sion models, the output data reflect microstructural evolu-
tion, characterised by changes in solidified grain structures 
(Fig 25)). At each time step, grain nucleation is initiated by 
introducing nucleation sites to the liquid lattice states. Con-
currently, grain growth occurs by aligning the orientation of 
a randomly selected lattice site with that of its nearest neigh-
bours [164]. MC models for solidification reconstructions 
share advantages with recrystallisation and grain growth 
reconstructions, particularly regarding ease of implementa-
tion and low computational cost. Additionally, MC models 

demonstrate significant potential for capturing the morphol-
ogy of AM microstructures [140] (Fig 26). However, they 
have limitation to characterise crystallographic texture [113, 
165, 166], and are restricted to solid-state grain growth with-
out consideration of growth kinetics [113]. The open-source 
software package SPPARKS supports solidification recon-
structions using MC models [167].

MC models for solid-state phase transformation recon-
structions take phase labels, phase boundaries, and phase 
transformation parameters (like diffusion coefficient and 
temperature) as input data. After incorporating the ther-
mal, nucleation, and diffusion models, the resulting output 
data reflect microstructural evolution, characterised by the 
rearrangement of thermodynamic phases involving nuclea-
tion, growth, and impingement [133, 164]. At each time 

Fig. 23   Austenite transfor-
mation reconstruction using 
cellular automata at different 
evolutionary stages. a-c White 
means ferrite, black means 
pearlite and other colors mean 
austenite grains with different 
crystallographic orientations; 
d-f Different colors mean 
austenite grains with different 
crystallographic orientations. 
Open access from [149]

Fig. 24   Reconstructions of recrystallisation and grain growth using MC models: a-d  grain refinement; e-h  grain coarsening; Adapted from 
[157], Copyright (2021), with permission from Elsevier
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Fig. 25   Reconstruction of 
solidified grain structures from 
experiment and MC models: 
a experiment; b MC models; 
c enlarged illustration of experi-
ment; c enlarged illustration 
of MC models. Adapted with 
permission from [164], 2022, 
Spring

Fig. 26   Solidification recon-
struction using MC models in 
additive manufacturing: a com-
parison between experiment 
and MC reconstruction; b 3D 
solidification reconstruction 
using MC models. Reprinted 
with permission from [168], 
2019, Spring
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step, new phase nucleation occurs by introducing nuclea-
tion sites along phase boundaries, while the migration of 
the new phase interface is governed by growth probabilities 
in various directions [164]. Like recrystallisation, growth, 
and solidification reconstructions, MC models for solid-
state phase transformation reconstructions offer low com-
putational costs and straightforward implementation with-
out solving complex partial differential equations. However, 
state updates in MC models are dictated by minimising total 
energy, whereas CA models exhibit greater flexibility by 
aligning state updates with specific experimental systems. 
Consequently, MC models often lack explanations of physi-
cal length and time scales, complicating comparisons with 
experimental results [133, 169].

3.3 � Phase Field Methods

In Phase Field (PF) models [112, 133], polycrystalline 
microstructures are represented by phase field variables, 
with grain boundaries depicted as diffuse transition inter-
faces. Partial differential equations describe the evolution of 
grain boundaries, while phase field variables are obtaiend 
through numerical solutions. The key workflow is outlined 
below.

•	 State generation: The phase field variables in PF mod-
els are classified into conserved variables, which convey 
composition information such as solute concentration, 
molar volume, and density [170], and non-conserved 
variables, which provide structural information, includ-
ing grains and phases [171]. The total free energy in PF 
models is then defined as a function of state variables 
(e.g., temperature T, pressure p, stress/strain), along with 
phase field variables and their gradients [172], written as 

 where ci, i = 1, 2, ...,N  and �j, j = 1, 2, ...,K  are the 
conserved variables and non-conserved variables 
respectively, N and K are the corresponding number of 
conserved variables and non-conserved variables, V is 
the entire volume of the analysis domain, f denotes the 
energy density, which includes (1) gradient terms relat-
ing to the energetic cost of interfaces (e.g. the interfacial 
free energy density [173] during solidification processes, 
the grain boundary energy density [171] and the gradient 
energy density [174] during recrystallisation and grain 
growth processes, and the gradient energy density [175] 
during solid-state phase transformation processes), (2) 
bulk energy density terms as a function of phase field 
variables, state variables, and external stimuli (e.g. the 

(6)
F =∫V

f (c1, c2, ..., cN , �1, �2, ..., �K ,▽c1,▽c2, ...,

▽cN ,▽�1,▽�2, ...,▽�K , p,T , ...) dV

bulk free energy density [173] during solidification pro-
cesses, the local free energy density [176], the potential 
energy density [174], the bulk free energy density [176], 
and the stored energy density [174, 176] during recrystal-
lisation and grain growth processes, the chemical energy 
density [177], the elastic strain energy density [177], and 
the thermal energy density [177] during solid-state phase 
transformation processes), and (3) a potential with local 
minimums in two or more coexisting phases (e.g. the 
local free energy density [178] during solid-state phase 
transformation processes).

•	 Governing equation: After establishing the total free 
energy, the evolution laws for conserved variables ci and 
non-conserved variables �k are derived using the Cahn-
Hilliard equation [179] equation and time-dependent 
Ginzburg-Landau (or Allen-Cahn) equation [180] respec-
tively. 

 where Dci
 and L

�j
 are the kinetic coefficients related to 

atomic diffusion and interfacial mobilities.
•	 Discretisation and numerical solution: Grid [181] (e.g., 

multilevel grid (Fig 27a)) and vertex-edge-face-volume 
[181] (e.g., adaptive mesh refinement (Fig 27b)) discre-
tisation methods have been used in PF models to define 
interfacial regions and track complicated interfacial 
dynamics. Equation 7 can be solved using numerical 
methods, including FDM [182], Spectral Method (SM) 
[173], and FEM [183]. In recent years, mesh-free meth-
ods have emerged as an alternative to grid-based and 
vertex-edge-face-volume discretisation schemes. For 
instance, smoothed particle hydrodynamics [184] con-
structs interfacial regions and dynamics from scattered 
points, eliminating the need for explicit mesh connectiv-
ity. Additionally, ML methods have been implemented 
to solve Equation 7 [172]. Several open-source soft-
ware packages for PF models are available, including 
PRISMS-PF [185] and MMSP [186].

PF models directly incorporate phase transition ther-
modynamics into the governing equations, which auto-
matically account for interface complexities such as normal 
vectors and curvature, leading to their widespread use in 
reconstructing evolutionary processes related to solidifica-
tion, solid-state phase transformation, recrystallisation, and 
grain growth [184]. Table 4 presents the application of PF 
models and their strengths and drawbacks. In PF models for 

(7)

�ci
�t

= ▽ ⋅
[

Dci▽
(

�F
�ci

)]

= ▽ ⋅
[

Dci▽
(

�f
�ci

−▽ ⋅
�f

�▽ci

)]

,

i = 1, 2, ...,N

��j
�t

= −L�j
�F
��j

= −L�j

(

�f
��j

−▽ ⋅
�f

�▽�j

)

, j = 1, 2, ...,K
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recrystallisation and grain growth reconstruction, non-con-
servative variables �k are introduced to define grain regions, 
where �k = 1 denotes the interior of grain k, �k = 0 indicates 
the region outside grain k, and �k transitions from 1 to 0 at 
the grain boundaries [174]. The total energy density f could 
encompass a combination of potential energy density, gra-
dient energy density, and stored energy density [174]; local 
energy density, gradient energy density, and stored energy 
density [187]; or grain boundary energy density and stored 
energy density [171]. Following the integration of thermal 
[176, 188], mechanical [174], thermo-mechanical [189], 
nucleation [174], growth [190], dislocation density [174], 
and crystal plasticity [191] models, the resulting output data 
reflect microstructural evolution, characterised by changes 
in grain sizes and shapes (Fig 28 and Fig 29), as well as 
the macroscopic properties, including thermal conductivity 
[176], flow stress and strain [190], stress and strain response 
[174], and stress and strain distribution [189]. PF models 
effectively reconstruct both SRX and DRX. For further 
details, readers are referred to [192] for SRX and [193] for 
DRX. Numerical methods, such as CPFEM [189, 192], have 
been incorporated into PF models to simulate heat transfer, 
thermomechanical behaviour, and multi-scale deformation. 
PF models have been applied to reconstruct recrystallisa-
tion and grain growth processes in traditional and additive 
manufacturing. Traditional manufacturing processes include 
annealing stages [176], cold rolling [194], and hot working 
[174]. Methodologists involved in AM processes are mainly 
Friction Stir Welding (FSW) [195].

In recent years, there has been significant interest in 
understanding how bubbles [194], voids [171], plastic defor-
mation [187], magnetic fields [201], ultrasonic vibrations 
[196], dislocation boundary spacings [202], grain boundary 
energy [203], stored energy [202], and second-phase parti-
cles [204] influence the processes of recrystallisation and 
grain growth. In contrast to CA models, PF models con-
ceptualise grain boundaries as diffuse regions with finite 

thickness, enabling more accurate reconstruction without 
predefined shapes. However, PF models necessitate a finer 
grid to capture grain boundaries at the shortest length scales, 
resulting in increased computational costs [205]. In recent 
years, enhanced algorithms, such as the grain remapping 
algorithm for a reduced set of order parameters [190] and 
the Sharp Phase Field Method (SPFM) for a new inherently 
discrete formulation [206], alongside parallel computing 
[185], have been integrated into PF models to mitigate com-
putational memory and time requirements. Additionally, PF 
methods face challenges in determining mobility coefficients 
and phenomenological parameters, including phase compo-
sition and solute diffusion [140].

In PF models, both conserved (c) and non-conserved ( � ) 
variables are employed to reconstruct solidification evolu-
tion, where � = 0 represents the bulk liquid, � = 1 denotes 
the bulk solid, and 0 < 𝜂 < 1 defines the interfacial region, 
while c describes the composition of liquid and solid phases 
[170]. The total energy density f could encompass a com-
bination of bulk free energy density and interfacial free 
energy density [173]. Following the integration of ther-
mal [207], nucleation [207], Computational Fluid Dynam-
ics (CFD) [208], and crystal plasticity [198] models, the 
resulting output data reflect microstructural evolution, 
characterised by changes in dendrite growth (Fig 30), non-
dendritic microstructure [209, 210], and solidified grains 
(e.g., the columnar-to-equiaxed grain transition Fig 31 and 
layer grains Fig 32), as well as the macroscopic properties, 
including stress and strain response [183], stress and strain 
distribution [198], dislocation density distribution [183], 
and cracking [199]. Numerical methods like CPFEM [198, 
207], LBM [211] and Volume-Of-Fluid (VOF) [208] have 
been integrated into PF models to simulate heat transfer, 
fluid flow, and micromechanical behaviour. PF models have 
been applied to reconstruct solidification process in tradi-
tional [210] and additive manufacturing. Examples of AM 

Fig. 27   (a
1
− a

2
 ) Multilevel grid architecture superimposed on the multidendrite contours; b Illustration of the adaptive mesh refinement near 

solid-liquid interfaces. Adapted from [181], Copyright (2021), with permission from Elsevier
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processes are DED [208], Laser Powder Bed Fusion (LPBF) 
[198], and SLM [212].

There has also been significant interest in understand-
ing how interfacial kinetic anisotropy [216], interface width 
[217], supergravity [218], convective conditions [219], build 
direction [207], melt convection [220], spatial length scales 
[221], second-phase particles [222] and solute segregation 
[221] influence the process of solidification. Additionally, 
advanced techniques have been developed for quantitative, 

accurate, and efficient reconstructions, such as the Dendritic 
Needle Network (DNN) scheme [223] for predicting solidi-
fication microstructures quantitatively, and the Recursive 
Grain Remapping (RGR) scheme [224] which optimises 
computational resources while improving the characterisa-
tion of columnar and irregularly shaped grains. PF models 
for solidification reconstructions offer advantages similar to 
those for recrystallisation and grain growth reconstructions, 
particularly in accurately characterising the solid-liquid 

Fig. 28   Predicted grain size evolution using PF models (iii); Grain Size Evolution from Experimental Observations (i); Statistical results of 
grain size (ii). Reprinted from [196], Copyright (2020), with permission from Elsevier
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interface; however, they also present challenges, including 
higher computational costs and difficulties in determining 
mobility coefficients and phenomenological parameters. 
Like CA models, PF models utilize various techniques 
to characterise the crystallographic structure of grains, 
facilitating the reconstruction of grain competition during 
solidification [113]. Furthermore, PF models provide high 
physical fidelity and can capture subgrain features, such as 
higher-order dendrites and micro-segregation [113].

PF models reconstruct the evolution of solid-state phase 
transformations using non-conserved variables �k , where 
�k takes values between 0 and 1. A value of �k = 1 corre-
sponds to the kth phase variant, while �k = 0 represents all 
other phase variants [175]. The total energy density f could 
encompass a combination of bulk chemical-free energy 
density, gradient energy density, thermal energy density, 
and elastic energy density [177]. Following the integration 
of thermal [225], thermo-mechanical [226], nucleation 
[175], and crystal plasticity [178] models, the resulting 
output data reflect microstructural evolution, characterised 
by changes in rearrangement of thermodynamic phases 
involving nucleation, growth, and impingement (Fig 33)), 
as well as the macroscopic properties, including the stress 
and strain response [178, 226], stress and strain distribu-
tion [178], and fracture toughening [177]. Recent years 
have seen significant interest in how electric field [225], 
grain-boundary diffusion [227], and shape memory [226] 
influence the process of solid-state phase transforma-
tion. Furthermore, advanced techniques for enhancing the 
reconstruction of solid-state phase transformations have 
been integrated into PF models. Notable examples include 
the Landau-Ginzburg-Devonshire method [225] incorpo-
rating phase coexistence, the strain-induced transformation 

Fig. 29   Snapshots of grain coarsening using PF models at different 
evolutionary times. Adapted from [197], Copyright (2021), with per-
mission from Elsevier
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[228] aimed at optimising microstructural characteristics, 
the coupled diffusional/displacive mechanism for accu-
rately replicating critical microstructural features [229], 
the scale-free mechanism for multivariant phase transfor-
mations [230], and the reactive diffusion mechanism for 
the transformation of three phases [231]. Like solidifica-
tion, recrystallisation, and grain growth reconstruction 
processes, PF models that reconstruct solid-state phase 
transformation evolution offer improved characterisa-
tions of interfaces and curvature between thermodynamic 
phases. However, these models face challenges, includ-
ing increased computational costs and the complexities of 
determining mobility coefficients and phenomenological 
parameters [133].

3.4 � Level Set Methods

In Level Set (LS) models, the zero level set of smooth 
functions defines grain boundaries and curvatures, while 
microstructure evolution is dictated by the solutions of 
these functions [134]. The key steps are summarized 
below.

•	 State generation: The principle of reconstructing poly-
crystalline materials with LS models involves assigning 
each grain an independent level set function, �i(x, t) . The 
grain boundaries Γ(t) , are defined by the zero level set of 
these functions, expressed as 

 where x is any point in the analytical domain Ω , d(x,Γ) 
is the Euclidean distance between any point x and bound-
ary interfaces Γ(t) , and N is the number of active level-set 
functions used to reconstruct different grains. The level 
set function �i(x, t) is greater than zero inside grain Gi 
and less than zero outside grain Gi [232, 233].

•	 Governing equations: A velocity field v characterises the 
evolution of the interface Γ(t) , with its movement gov-
erned by the Hamilton-Jacobi equation [232]: 

 The velocity field v can be approximated by [232]: 

(8)

�i(x, t) = ± d(x,Γ), Γ = �Gi = {x ∈ Ω,�i(x, t) = 0}

x ∈ Ω, i = 1, 2, ...,N

(9)
��i

�t
+ v▽�i = 0, i = 1, 2, ...,N

(10)v = �Pn = −���n

Fig. 30   Dendrite growth using 
PF models, (a) top view, (b) 
front view, and (c) bird’s eye 
view. Adapted from [213], 
Copyright (2021), with permis-
sion from Elsevier

Fig. 31   Comparison of the 
columnar-to-equiaxed grain 
transition between (a) PF recon-
struction and (b) experimental 
results. Adapted from [214], 
Copyright (2021), with permis-
sion from Elsevier
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 where � represents the interface mobility, n denotes the 
outward vector normal to the interface, P = −�� means 
the driving pressure, � indicates the local mean curva-
ture, and � is the grain boundary energy. The reinitialisa-
tion procedure [234] often implicitly defines the interface 
Γ(t) by treating the level set function in Equation 9 as a 
signed distance function. Enhanced definition of velocity 
fields have been proposed by considering stored energy 
[235], specific properties of thermodynamic phase 
interfaces [233], anisotropic grain boundary energy and 
mobility [232].

•	 Discretisation and numerical solution: Both grid [236, 
237] and vertex-edge-face-volume [234] discretisation 

methods have been employed in LS models to specify 
the analytical domain. Recent advancements in vertex-
edge-face-volume discretisation techniques, including 
mesh adaptation [238] and topological re-meshing [239] 
(Fig 34), have been achieved to reduce mesh density 
requirements, improve characterisations at interfaces, 
and decrease computational costs. Numerical methods 
including FDM [236] and FEM [233] are employed 
to solve Equation 9, implemented via grid and vertex-
edge-face-volume discretisation techniques. Recently, 
the mesh-free interface finite element method has been 
developed as an alternative to grid and vertex-edge-face-
volume schemes for solving level set equations [240].

Fig. 32   a Power layer grains 
using PF models at different 
evaporation coefficients Cvap ; 
b Solidified layer grains using 
PF models at different Cvap . 
Reprinted from [215], Copy-
right (2021), with permission 
from Elsevier
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Fig. 33   Phase transformation 
reconstruction of shape memory 
alloy using PF models, where 
red means martensite, green 
means martensite, and blue 
means austenite. Adapted from 
[226], Copyright (2021), with 
permission from Elsevier

Fig. 34   Example of T-junction interface evolution using the LS-TRM method with three level set functions: a  initial state, b  state at t = 0.1, 
c state at t = 0.2, d state at t = 0.3, e state at t = 0.4, f state at t = 0.5. Reprinted from [239], Copyright (2020), with permission from Elsevier
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Since their introduction, LS models have become a 
prominent approach for modelling multiphase propagating 
interface issues [184]. These methods have been employed 
to reconstruct evolutionary processes, including solidifica-
tion, solid-state phase transformation, recrystallisation, and 
grain growth in polycrystalline materials. LS models for 
recrystallisation and grain growth reconstructions take dis-
location density, grain size, and grain boundary as input data 
[241]. Following the integration of nucleation [242], dis-
location density [242], growth [232], and crystal plasticity 
[243] models, the resulting output data reflect microstruc-
tural evolution, characterised by changes in grain sizes and 
shapes (such as grain refinement and coarsening) (Fig 35)), 
as well as the macroscopic properties, including stress and 
strain response [243], stress and strain distribution [243]. LS 
models effectively implement both SRX and DRX recon-
structions. For further details, readers are referred to [235] 
for SRX and [242] for DRX.

LS models have also been successfully used for solidifica-
tion [240] and solid-state phase transformation [244] recon-
structions. LS models share advantages and disadvantages 
with PF models, particularly concerning their capacity for 
interface boundary characterisations and associated compu-
tational costs [111]. Furthermore, LS models are restricted 
to uniform deformation conditions, and the analysis of sharp 
grain boundary interfaces necessitates considerable compu-
tational effort, resulting in diminished efficiency [111, 245]. 
Additionally, a notable limitation of LS models is their ina-
bility to capture the evolution of crystallographic texture 
[245].

3.5 � Others

Other physics-based models have also been employed to 
reconstruct evolutionary processes in polycrystalline mate-
rials, including vertex/front tracking for grain growth [246] 
and machine learning for solidification [113]. A detailed 

Fig. 35   Reconstructed grain coarsening microstructures using LS 
models and corresponding textures at different time steps: a, f  ini-
tial experimental microstructure; b-e  abnormal grain coarsening at 
an annealing temperature of 220 ◦ C; g-j uniform grain coarsening at 

an annealing temperature of 350 ◦ C. The colour of the grain bounda-
ries indicates their relative mobility. Reprinted from [241], Copyright 
(2020), with permission from Elsevier
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step-by-step description of each method falls outside the 
scope of this review. Readers are referred to the refer-
ences for further information on each method’s concepts, 
strengths, and weaknesses.

4 � Geometry‑Based Models

Geometry-based models disregard the evolutionary pro-
cesses of microstructural formation, focusing directly the 
morphological and crystallographic information in polycrys-
talline materials. These models can be broadly categorised 
into shape-based reconstructions, texture synthesis, and oth-
ers, which are discussed in the following subsections.

4.1 � Shape‑Based Reconstruction

In shape-based reconstruction, simplified geometries such 
as cubes [247], rhombic dodecahedrons [248], truncated 
octahedrons [249], Voronoi polyhedra [250], and ellip-
soids [251] are utilized to characterise grain morphology, 
among which Voronoi tessellation and ellipsoid packing are 
most popular. Therefore, for ease of explanation, we fur-
ther divide shape-based reconstruction into three groups: 
(a) simple geometries (e.g. cubes, rhombic dodecahedrons, 
and truncated octahedrons), (b) Voronoi tessellation, and (c) 
ellipsoid packing.

4.1.1 � Simple Geometries

As one of the oldest approaches for polycrystalline recon-
struction, researchers have long utilized simplified grain 
shapes to bridge the relationship between microscopic 
structures and macroscopic properties. Regular grain 
microstructures (Fig 36) facilitate numerical modelling 

and offer a novel mechanism to investigate the grain shape 
effects on grain interaction [252], crystallographic tex-
ture evolution [253], intergranular stress corrosion crack-
ing [249] and aggregate response [254]. For example, in 
[255], grains were represented by homogenised squares 
to reconstruct crystallographic texture evolution with 
FEM. In [247], brick elements were utilized to represent 
a single averaged grain for investigating the relationship 
between micro and macro variables in crystal plasticity 
deformation. Another regular grain morphology utilized 
by [249] involved modelling a single grain as a rhombic 
dodecahedron to examine the impact of crystal shape on 
inter-granular interactions. Truncated octahedron-based 
grains were proposed by [249] to investigate stress cor-
rosion cracking between grains. [254] represented grains 
using cubic, rhombic dodecahedral, and truncated octa-
hedral morphologies simultaneously to investigate the 
effect of grain shape on the mechanical response of grain 
aggregates.

4.1.2 � Voronoi Tessellation

Voronoi tessellation (VT) models partition the analysis 
domain into Voronoi polyhedra, which are formed as random 
seeds grow and merge [256]. The workflow is summarized 
below.

•	 Seeds generation: A 3D space D ∈ R
3 is defined and N 

seed points {Si ∈ D|i = 1, 2, ...,N} are allocated within it. 
The coordinates of each seed may be generated randomly 
or determined by a Poisson point process.

•	 Voronoi tesselation: Each seed is linked to a Voronoi 
polyhedron VP(Si) , with its spatial area characterised in 
Equation 11. 

Fig. 36   Reconstructed poly-
crystalline microstructures with 
simple geometries: a cubes; 
b truncated octahedrons; 
c rhombic dodecahedrons;
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 where d(P, S) is the Euclidean distance between the set 
point P and the seed point S.

•	 Space discretisation: The space area of each Voronoi 
polyhedron VP(Si) is specified by discretising the whole 
domain.

•	 Orientation assignment: Crystallographic orientations are 
asigned to each Voronoi polyhedron VP(Si).

To enhance calculation efficiency, the hierarchical 
queue algorithm [257] is employed to implement the 
Euclidean distance function. The boundary recognition 
of Voronoi polyhedrons primarily relies on the distance 
to the corresponding seed. Alternatively, the relief immer-
sion algorithm [258], derived from watershed segmenta-
tion, has also been utilized for boundary identification. 
Crystallographic orientation assignment can be based on 
a uniform distribution or a map extracted from a reference 
image [259]. Both grid [260] and vertex-edge-face-vol-
ume [260] discretisation techniques have been employed 
in VT models (Fig 37). In grid discretisation, [261] gen-
erated 3D random Voronoi polyhedrons with a common 
constrained surface by first creating grains beneath this 
surface through erosion or expansion of neighbouring 
voxels, followed by the immediate application of Voronoi 

(11)
VP(Si) ={P(x, y, z) ∈ D|d(P, Si) < d(P, Sj),

∀i ≠ j i, j = 1, 2, ...,N}

tessellation to fill the remaining space. In the vertex-edge-
face-volume discretisation, [262] developed a grain edge 
splitting procedure to produce 3D periodic high-quality 
elements. To address the over-discretisation issue resulting 
from the unavoidable formation of small Voronoi poly-
hedrons, [263] proposed a novel algorithm for geometry 
regulation, multi-meshing, and re-meshing of large-scale 
random 3D polycrystals (Fig 38).

To obtain a more realistic grain size distribution, a con-
trolled Poisson-Voronoi tessellation model incorporating a 
single control parameter has been developed to accurately 
capture grain morphologies [264]. In [265], molecular 
dynamics and discrete element methods were combined 
to pack particles with controlled grain size distributions. 
Genetic algorithms were employed in [266] to modify the 
Poisson-Voronoi tessellation for a more precise charac-
terisation of grain size distribution, and [267] introduced 
a constrained Voronoi model to create an approximate 
reconstruction of 3D polycrystalline microstructure, facili-
tating the interpretation of surface microstructural meas-
urements. The power diagram (also known as the Laguerre 
diagram [268]) helps set the size of each Laguerre polyhe-
dron LP(Si) by adding a non-negative weight wi:

(12)

LP(Si) = {P(x, y, z) ∈ D|dL(P, Si) < dL(P, Sj),

∀i ≠ j i, j = 1, 2, ...,N}

dL(P, S∙) = dE(P, S∙)
2 − w∙

Fig. 37   Schematic visualisa-
tions of the grid and vertex-
edge-face-volume discretisation 
for Voronoi polyhedrons
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where dL is the power distance and dE is the Euclidean dis-
tance. In recent years, the Laguerre-Voronoi (LV) model has 
gained popularity as an alternative to the Poisson-Voronoi 
(PV) model [16]. Research has demonstrated that LV mod-
els yield more accurate reconstructions of polycrystalline 
structures than PV models. Several open-source packages 
for VT models are available, including Neper [263] (Fig 38), 
Voro++ [269], Qhull [270], and MicroStructPy [271].

4.2 � Ellipsoid Packing

Microstructural features generated by VT models may sig-
nificantly diverge from experimental observations. To cre-
ate polycrystalline microstructures that align morphological 
and crystallographic characteristics with reality, more accu-
rate geometric units and enhanced statistical algorithms are 
required. Significant progress was reported in [251], where 
ellipsoids were used to reconstruct 3D aluminium polycrys-
tal microstructures from experimental data of two orthogo-
nal sections under the hypothesis that 2D orthogonal data 

Fig. 38   Schematic visualisations of the multi-meshing and re-meshing of 3D large-scale Voronoi polyhedrons

Fig. 39   Ellipsoid generation: a EBSD scan, b ellipse fitting, c projection ellipsoid
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sufficiently characterise a 3D microstructure. The workflow 
is summarized below.

•	 Ellipsoid generation: Ellipsoids are generated following 
2D experimental observations, as illustrated in Fig 39. 
Fig 39a shows the 2D EBSD scan perpendicular to the 
sample’s normal direction, while Fig 39b demonstrates 
how grains are fitted with ellipses [272]. Subsequently, 
the distributions of the ellipse semiaxes f (a�) , and f (b�) 
can be obtained. Similarly, when the 2D EBSD scan is 
oriented perpendicular to the sample’s rolling direction, 
the distributions of the ellipse semiaxes f (b�) , and f (c�) 
can also be accessed. Here {a�, b�, c�} represent the semi-
axes of ellipses. The next step involves an approximate 
calculation of the distribution of ellipsoid semiaxes: 

 where {a, b, c} are the semiaxes of the ellipsoid (Fig 39c). 
Next, the joint probability distribution f(a, b) or f(c, b) 
and the conditional probability distribution f(c|b) or f(a|b) 
can be quantified. Finally, the true 3D ellipsoid distribu-
tion can be estimated by Equation 14 [251]. 

•	 Ellipsoid packing: Ellipsoids are packed into a defined 
space by sampling a set of overlapping ellipsoids from 

(13)

< a� >=a𝜋∕4, a ≈ 4a�∕𝜋; < b� >= b𝜋∕4, b ≈ 4b�∕𝜋;

< c� >= c𝜋∕4, c ≈ 4c�∕𝜋

(14)f (a, b, c) = f (a, b) ⋅ f (c|b) = f (c, b) ⋅ f (a|b)

the distribution f(a, b, c) and randomly placing them 
within that space.

•	 Space discretisation: The spatial area of each ellipsoid 
is defined without overlaps by discretising the entire 
domain. Initially, the grid discretisation technique parti-
tions the entire domain into cubic lattices. Subsequently, 
the cellular automaton algorithm fills the space, with new 
ellipsoids nucleating at lattice centres and growing until 
they either contact other ellipsoids or reach the domain 
boundaries.

•	 Orientation assignment: Random crystallographic ori-
entations are asigned to each newly generated ellipsoid 
[273]. Subsequently, the simulated annealing algorithm 
can be employed to identify an optimal configuration of 
orientations and misorientations that align with experi-
mental observations [274]. Figure 40 presents some 
examples generated by the ellipsoid packing algorithm.

During the space discretisation step, grain boundaries 
formed by the cellular automaton process are often unre-
alistic and deviate from actual observations. To address 
this issue, the Monte Carlo grain growth method [275] has 
been implemented to relax the final grid-based structure, 
enabling grain boundaries to better align with experimental 
observations. The orthogonal EBSD scans-based method has 
been extended by [276] to reconstruct high purity aluminum 
with elongated grains (Fig 41). Instead of discretising the 
space by grids, vertex-edge-face-volume discretisation 
techniques were employed to characterise grain boundaries 
through Voronoi tessellation. Subsequently, Voronoi cells 
were aggregated and scaled by an affine stretch to match 

Fig. 40   Reconstructed polycrys-
talline microstructures through 
ellipsoid packing

Fig. 41   Reconstructed poly-
crystalline microstructures with 
elongated grains
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observed grain aspect ratios. Additionally, [277] proposed 
another 2D scan-based method to reconstruct 3D anisotropic 
polycrystalline microstructures with constrained surface 
ellipsoids. The aforementioned 2D EBSD section methods 
do not accurately depict how grains connect in 3D space. 
Furthermore, other morphological descriptors, such as grain 
neighbour relationships and shape orientation distributions, 
cannot be derived from these methods. To overcome these 
biases and limitations, [278] directly reconstructed the poly-
crystalline structure from 3D experimental data (Fig 42). 
The DREAME.3D software [57] encompasses most of the 
ellipsoid packing methods mentioned above.

Recent research on ellipsoid packing models has focused 
on optimised algorithms to enhance efficiency, synthesis-
ing polycrystalline microstructures with multiple phases, 
achieving precise characterisations, generating annealing 
twins and precipitates, and reconstructing polycrystalline 
microstructures in additive manufacturing. For instance, 
[279] employed ellipsoidal growth tessellations to streamline 
ellipsoid generation and packing processes. An advancing 
layer algorithm was developed in [280] for dense ellipse 
packing. Additionally, [281] introduced a random sequential 
addition algorithm based on grid discretisation techniques 
for efficient ellipsoid generation and packing. In multiphase 
microstructures, the initial-phase grain structure is cre-
ated following the procedure outlined in [251]. Subsequent 
phases are nucleated randomly on the first-phase grain 
boundaries and grown until their volume fractions reach tar-
geted values [282]. Furthermore, [283] incorporated second-
phase particles into synthetic polycrystalline microstructures 
based on the pair-correlation function, while [284] recon-
structed a dual-phase titanium structure using the trans-
formation phase insertion algorithm. A general framework 
for generating, validating, and quantifying 3D anisotropic 
two-phase polycrystalline materials was proposed in [285]. 
Truncated grain size distributions was applied in [286] to 
eliminate unnaturally large grains. Additionally, the two-
point correlation function [283] has been utilized to statisti-
cally characterise grain morphology, orientation, and spa-
tial distribution for highly heterogeneous characterisations. 
For annealing twin reconstruction, [286] developed a twin 
insertion algorithm on the assumption that twin grains do 

not inhabit the boundary of the parent grain and completely 
separate them. [287] reconstructed twins based on parent 
grain size distribution, conditional probability distributions 
of twin distance and thickness, and joint probability of the 
number of twins. In precipitate reconstruction, [288] incor-
porated dispersed precipitates into reconstructed polycrys-
talline microstructures, considering factors such as shape, 
size, volume, orientation, two-point correlation, distance to 
surface, and random vector channel-width distributions. A 
genetic algorithm-based numerical approach was presented 
in [289] for optimising the selection of precipitate character-
isations. In the context of polycrystalline microstructures in 
additive manufacturing, [290] proposed a universal material 
template for the standardised reconstruction of commonly 
utilized polycrystalline materials. Meanwhile, [291] intro-
duced a novel framework for reconstructing polycrystalline 
microstructures in additive manufacturing, facilitating grain 
growth regeneration and specification of growth properties, 
which enhances the simulation of polycrystalline materials 
with spatial variations.

Compared to VT models, Ellipsoid Packing (EP) mod-
els generate polycrystalline microstructures that align more 
closely with experimental observations, making them a 
preferred method for exploring Structure-Properties-Per-
formance (SPP) linkages in polycrystalline materials. For 
instance, [1] examined the influence of grain size and crys-
tallographic polarity on stress hardening and anisotropic 
plasticity. In [292], EP models were integrated with uncer-
tainty-quantified parametrically homogenised constitutive 
algorithms to establish a connection between mechanical 
property responses and microstructural characterisations. In 
[293], EP models were combined with ML to predict cyclic 
stress-strain responses.

Additionally, EP models have been utilized for micro-
structure-sensitive studies to optimise performance. For 
instance, [294] analysed and designed microstructural char-
acterisations to quantify the probability of fatigue crack 
occurrence; [284] developed a database between micro-
structure and elasto-viscoplastic deformation in dual-phase 
titanium alloys; and [295] employed ML and data-consistent 
inversion to establish an inverse relationship between aver-
age grain size and average yield strength. In recent years, 

Fig. 42   Reconstructed polycrys-
talline microstructures from 3D 
experimental observations
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EP models have been widely utilized in ML-based surrogate 
models to predict the properties of polycrystalline materials. 
The microstructure data reconstructed through EP models 
can be used directly as input for these surrogate models. 
Subsequently, DL networks, including convolutional neural 
networks [296], graph neural networks [297], and deep neu-
ral networks [298], can create the low-dimensional embed-
dings (physical features) of polycrystalline microstructures, 
which are then associated with target properties.

4.3 � Texture Synthesis

Texture synthesis (TS) has been a popular research area in 
computer vision, addressing applications such as occlu-
sion filling, image and video compression, and foreground 
removal. Pioneering work by [299] redefined the texture syn-
thesis problem within an exemplar-based framework, treat-
ing the original image, X , as a stationary Markov Random 
Field (MRF) characterised by specific properties:

•	 Locality: f (Xi|all particles except i) = f (Xi|neighbours
of particle i) i = 1, 2, ...,N  , where N is the num-
ber of particles that correspond to pixels or vox-
els in X  , Xi represents the local state in poly-
crystalline materials, like orientation colormap, 
p h a s e s ,  e t c . ,  f (Xi|all particles except i)  a n d 
f (Xi|neighbours of particle i) are the conditional prob-
ability density of Xi.

•	 Stationarity: f (Xi|neighbours of particle i) does not 
depend on the location of Xi.

TS models have been effectively utilized to reconstruct poly-
crystalline materials [300]. Figure 43 presents some exam-
ples generated by TS models. The workflow is summarized 
below.

•	 State generation: The synthesised domain, Y , is first dis-
cretised into grids, referred to as pixels or voxels. The 
subsequent step involves defining Y as a Markov Random 
Field (MRF), where pixels or voxels representing differ-
ent local states are connected to their neighbours. A pixel 
(voxel)’s neighbourhood is defined by enclosing it within 
a specified area and linking it to other pixels (voxels) 
within that region. The initial state can be established by 
randomly assigning states to each grid in Y [300] or by 
starting from a small seed image randomly selected from 
the original image, X [302].

•	 State update: After state generation, conditional prob-
ability density sampling from the original image X 
updates the local state of the selected pixel (or voxel) in 
the synthesized domain Y based on the known states of 
its neighbouring pixels (voxels). The update path could 

be implemented by a random order [300], a raster-scan 
order [303] or a layer-by-layer form [302]. In each update 
step, the conditional probability density f (Xi|NX) in X is 
assumed to be equal to the conditional probability density 
f (Yi|NY ) in Y . Here, NX and NY denote the neighbour-
hood of particle i in the X and Y , respectively. The best 
matching of NX

B
 is determined by solving the following 

minimisation problem: 

 where j denotes the particles in NX and NY , and � is the 
Gaussian weighting function [300].

Polycrystalline microstructures generated by shape-based 
models are largely idealised, failing to account for the com-
plexities of real-world grain shapes [304]. TS models, par-
ticularly patch-based schemes, offer a compelling alterna-
tive due to their capacity to capture intricate features such 
as grain boundaries [305]. Furthermore, TS models can 
reconstruct larger microstructure regions (centimetre scale) 
essential for engineering analysis by utilising small-scale 
experimental data (micron scale) [302]. However, recon-
struction quality in TS models is unstable, influenced by 
specific parameters such as neighbourhood size, overlap 
size, and number of replicates; hence, sensitivity analysis is 
necessary to optimise these parameters for optimal quality 
[301]. Additionally, reconstruction paths can significantly 
affect results, potentially leading to the loss of spatial cor-
relations [20]. Currently, direct colourmaps linking orien-
tation and colour space are the predominant techniques for 

(15)NX
B
= arg min

NX
j

∑
j

�j
‖‖‖N

Y
j
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j
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2

Fig. 43   Reconstructed 3D polycrystalline microstructures from 
experimental 2D polycrystalline microstructures through texture syn-
thesis [301]
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orientation colouring [301]. However, inherent discontinui-
ties and ambiguities in characterising crystallographic fea-
tures have hindered their broader application in constructing 
SPP linkages.

4.4 � Other Geometry‑Based Models

Other geometry-based models, including high-order charac-
terisation, reduced-order strategies, and machine learning, 
have been employed to capture morphological and crystallo-
graphic features. Figure 44 illustrates examples generated by 
these models. A brief overview of each approach is provided 
in this subsection, including their strengths and weaknesses.

High-order characterisation models employ optimisa-
tion methods such as simulated annealing [283] (Fig 44b) 
and phase recovery [12] to minimise system energy func-
tions until the target threshold is achieved. These models 
effectively generate statistically equivalent representa-
tive volume elements with high-order characterisation 
distributions. However, local material states are limited 
to a discrete set of material phases. Further refinement 
may be necessary when examining more complex local 
states of polycrystalline materials, such as crystal lattice 
orientation.

Reduced-order strategies such as Principal Component 
Analysis (PCA) [309] (Fig 44c), nonlinear dimensional-
ity reduction (Fig 44d), and multiscale approaches [310] 
have been applied to geometric reconstruction of polycrys-
talline materials. These methods enhance computational 
efficiency and represent complex material states more 
effectively than high-order characterisation models. Future 
research should prioritise reduced-order reconstructions 
for realistic microstructures over idealised stochastic 
characteristics.

Machine learning-based methods, including Convolu-
tional Deep Belief Networks (CDBN) [311], Variational 
Autoencoders (VAE) [312], and deep transfer learning 
[308] (Fig 44e), have recently been employed for geomet-
ric reconstructions of polycrystalline materials. While 
these models effectively capture morphological informa-
tion, they face challenges in accurately characterising crys-
tallographic features due to discontinuity and ambiguity 
issues in orientation colouring.

Fig. 44   Rreconstructed 3D polycrystalline microstructures through phase recovery (a) [12]; simulated annealing (b) [283]; principal component 
analysis (c) [306]; nonlinear dimensionality reduction (d) [307]; transfer learning (e) [308]
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5 � Conclusions, Challenges, and Perspectives

5.1 � Conclusions

In polycrystalline materials’ morphological characterisa-
tions (e.g., precipitates, grains, cracks, porosities, miner-
als, and thermodynamic phases). OM, SEM, and computed 
tomography (CT) are imaging technologies employed to 
acquire morphological data. PFIB/SEM, FIB/SEM, BIB/
SEM, TB/SEM, RM/SEM, and Manual Collection Sys-
tem (MCS)/SEM deliver adequate resolutions towards 1 
nm. MCS/OM, S-�CT, �CT, and Nano-CT are suitable 
for resolutions at micron and submicron scales. Figure 45 
illustrates the volume and resolution of various imaging 

systems for crystallographic characterisations in poly-
crystalline materials. OIM techniques, including SPED, 
OMiTEM, EBSD, and X-ray diffraction, are employed to 
acquire crystallographic data. OMiTEM and SPED achieve 
sufficient nano-level precision, imaging grains with recon-
struction sizes between 0.001 and 1 �m3 . PFIB and FIB 
are effective for imaging submicron grains, with recon-
struction sizes ranging from 100 to 1E5 �m3 . BIB/EBSD, 
TB/EBSD, HEDM, SR-DCT, Lab-DCT, RM/EBSD, and 
MCS/EBSD can image microstructure grains with sizes 
from 1E6 to 1E10 �m3 . Additionally, TT and S3DXRD 
can capture subgrains sized between 1E4 and 1E7 �m3 . 
Only TEM-based OIM techniques, such as OMiTEM and 
SPED, provide adequate nanoscale precision for crystal-
lographic data collection, while destructive systems like 

Fig. 45   Volume collected and 
resolution for various crystallo-
graphic data collection systems 
in polycrystalline materials: 
SPED ([27]), OMiTEM ([26]), 
FIB ([9]), PFIB ([31]), TT 
([89]), S3XRD ([86]), BIB 
([35]), TB ([33]), SR-DCT 
([89, 98]), Lab-DCT ([99]), RM 
[30]), HEDM ([88, 98]), and 
MCS ([98]) (All figures have 
been granted copyright)
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PFIB and FIB are suited for imaging morphological and 
crystallographic data at the submicron scale.

In physics-based models, CA, MC, PF, LS, and vertex/
front tracking models have been applied to reconstruct 
recrystallisation and grain growth processes. All, except 
vertex/front tracking, have been used to construct PSPP link-
ages. While PF, LS, and vertex/front tracking models can 
better characterise grain boundaries and curvatures than MC 
and CA models, they are less commonly used for recrystalli-
sation and grain growth reconstructions due to greater com-
plexity and higher computational cost [111]. The popularity 
of MC and CA models lies in their ease of implementation 
and high computational efficiency, especially with paralleli-
sation. Additionally, CA models offer flexible transformation 
rules, allowing calibration across time and length scales, 
capturing recrystallisation dynamics and topological char-
acteristics, and realistically characterising grain boundary 
migration [245]. Owing to their superior real-time, real-
space scalability, efficiency, and flexibility, CA models are 
the most widely used methods for reconstructing recrystalli-
sation and grain growth, particularly in DRX reconstructions 
[128]. In reconstructions of solidification evolution, CA, 
MC, PF, and MC models have been employed to reconstruct 
dendrite growth and solidified grain structures. Only CA and 
PF models have been utilized to construct PSPP linkages, as 
other models do not capture crystallographic texture evolu-
tion. While MC models show potential for reconstructing the 
microstructure of AM materials, their accuracy is limited by 
the need to calibrate length and time scales [61]. LS models 
have become prominent for modelling multiphase propagat-
ing interface problems; however, they are less efficient than 
PF models due to the initialisation of implicit functions and 
the computation of extended interfacial velocity fields [184]. 
PF and CA models are the most widely used methods for 
reconstructing dendrite growth during solidification evolu-
tion [136]. Although CA models offer lower computational 
cost than PF models, they inadequately reconstruct intricate 
dendritic details [61]. In contrast, PF models offer superior 
physical fidelity and can accurately depict subgrain features, 
such as high-order dendrites and micro-segregation [113]. 
Similar to solidification reconstructions, PF and CA mod-
els are the predominant approaches for reconstructing solid-
state phase transformations and are exclusively employed 
in constructing PSPP linkages. However, due to the aliased 
interface reconstruction between thermodynamic phases, CA 
models exhibit lower accuracy in reconstructing solid-state 
diffusional phase transformations compared to PF models 
[133].

In geometry-based models, only EP models have been uti-
lized to construct SPP linkages, as they effectively generate 
stochastic polycrystalline microstructures that closely align 
with experimental observations. Other methods fail to accu-
rately capture the stochastic microstructure characteristics 

of polycrystalline materials. Morphological features such 
as grain size and shape, produced by simple geometries and 
VT, may significantly deviate from experimental observa-
tions. TS, machine learning, and high-order characterisa-
tion models need to be revised for accurate reconstructions 
of crystallographic features, while reduced-order strate-
gies are overly idealised to reconstruct realistic stochastic 
characteristics.

In general, experimental models deliver high-fidelity, 
physically accurate data but tend to be resource-intensive, 
requiring significant time and financial investment. Physical 
models provide flexibility in capturing the effects of process-
ing parameters such as temperature, diffusion coefficients, 
and strain rates on microstructural evolution. However, the 
underlying assumptions-such as those concerning thermal 
nucleation, solute diffusion, and growth-are often idealised, 
limiting their capacity to accurately replicate realistic micro-
structures. Geometrical models, on the other hand, offer 
computational speed and scalability, enabling rapid, large-
scale generation of microstructure reconstructions, yet they 
generally fail to capture the complex, heterogeneous nature 
of real-world grains. In summary, experimental models 
offer the highest accuracy but at the expense of efficiency, 
geometrical models prioritise efficiency over accuracy, and 
physical models strike a balance between both.

5.2 � Challenges

In experimental reconstruction, the main challenges lie on 
enhancing data collection systems and advancing data pro-
cessing techniques [33]. For instance, hybrid and multibeam 
milling can be applied in serial sectioning to produce high-
quality and thin sections, while non-destructive reconstruc-
tions can employ modified X-ray sources such as synchrotron 
CT with Kirkpatrick-Baez mirrors to attain nanometre-scale 
resolution [24]. Various imaging techniques, including SEM 
and EBSD for serial sectioning, X-ray microtomography and 
X-ray diffraction for non-destructive reconstruction, can be 
integrated to provide comprehensive crystallographic and 
morphological data. Correlative measurements across mul-
tiple length scales can be developed to address downscaling 
requirements and enhance upscaling outcomes. Research-
ers can establish quantitative multimodel dataset registra-
tion and fusion methodologies to integrate data from both 
destructive and non-destructive reconstructions [33]. In 
advanced data processing, serial sectioning should empha-
sise optimal indexing segmentation of fine intragranular 
features, such as overlapping phase patterns, and 3D recon-
struction of parent grains [38]. For non-destructive recon-
struction, new algorithms are expected to address partially 
overlapped peak diffraction and generalise models to accom-
modate 3D peaks in deformed grains [96].
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In physics-based models, challenges remain in refining 
methods to enhance fidelity and efficiency. Nucleation [111, 
133], anisotropic grain growth [113, 133], rapid solidifica-
tion [113], and impingement processes [133] are difficult to 
address quantitatively and predictively with current theo-
retical hypotheses. Consequently, identifying detailed input 
parameters [112, 133], proposing improved algorithms [112, 
133], and developing advanced models [112] are essential 
for overcoming these challenges and achieving accurate, 
efficient, robust, and quantitative reconstructions of micro-
structure evolution. Another crucial advancement involves 
integrating geometry-based models with multi-field simula-
tions, including temperature fields (e.g., thermal models), 
flow fields (e.g., diffusion and CFD models), and stress 
fields (e.g., mechanical, thermo-mechanical, and crystal 
plasticity models), which is vital for multiscale simula-
tions linking microscale changes to macroscale properties 
and performance [111]. Moreover, digital reconstructions 
produced by physics-based models lack experimental vali-
dation. Experimental reconstruction offers precise insights 
into grain coarsening and refinement, dendrite and solidified 
grain structures, thermodynamic phase morphologies, grain 
boundary migration, and higher-order dendrite merging. 
Observations from experiments should validate reconstruc-
tion results from physics-based models.

In geometry-based models, polycrystalline microstruc-
tures generated by EP models do not adequately capture the 
complexities of real-world grain shapes. TS and ML models 
present attractive alternatives for EP models due to their 
capability to characterise intricate features such as grain 
boundaries [308]. However, in practice, TS and ML models 
have certain limitations in constructing SPP linkages. For 
instance, orientation colour maps used in TS and ML mod-
els are often coloured directly by Euler angles (�1,�,�2) 
or Rodrigues-Frank vectors (�1, �2, �3) [301, 308]. The 
resultant topological discrepancy between unconnected 
orientation and connected colour spaces can lead to colour 
discontinuities. Furthermore, neglecting crystal symmetry 
may introduce colour ambiguity, where identical orienta-
tions can be represented by different colours [313, 314]. 
Lastly, reconstructions produced by TS and ML models are 
implicit and do not explicitly quantify microstructural fea-
tures [20]. Thus, challenges faced by TS and ML models 
include addressing discontinuity and ambiguity issues to 
align with measured crystallographic characteristics accu-
rately. Simultaneously, new algorithms should be developed 
to quantify microstructural reconstructions of polycrystalline 
materials explicitly.

A key performance indicator of experimental approaches 
is the measurement resolution, which directly relates to the 
capacity of data collection, i.e. the resulting dataset size. For 
the synthetic approaches, which include both physics-based 
and geometry-based models, their efficiency will improve 

with the growth of computational resources, but their accu-
racy (or fidelity) may not equally benefit from the increased 
computing power. Moreover, different methods have differ-
ent features, strengths, and weaknesses that are often beyond 
the efficiency and accuracy aspects, which are not directly 
linked to dataset size or computing power.

5.3 � Perspectives

Vast databases generated through digital reconstructions can 
be characterised by key morphological and crystallographic 
descriptors (e.g., grain size, grain orientation), which are 
correlated with materials processing parameters (e.g., defor-
mation, thermal history) and specific materials properties 
and performance (e.g., stress and strain responses, stress and 
strain fields, ductile failure, brittle fracture, fatigue failure) 
[315]. These databases facilitate the construction of for-
ward and inverse PSPP linkages in data-driven modelling 
to optimise manufacturing processes (cause-effect design) or 
develop new polycrystalline materials (goals-driven design) 
[20, 316].
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