
Data-Driven Characterization of Micro-structural Shape and
Topology in Engineering Materials

Kuang Kuang

Thesis submitted to the Faculty of the

Virginia Polytechnic Institute and State University

in partial fulfillment of the requirements for the degree of

Master of Science

in

Mechanical Engineering

Pinar Acar, Chair

Jie Chen

Robert West

May 8, 2025

Blacksburg, Virginia

Keywords: Microstructure, Image Processing, Shape and Topology Quantification,

Engineering Materials, etc.

Copyright 2025, Kuang Kuang



Data-Driven Characterization of Micro-structural Shape and Topol-
ogy in Engineering Materials

Kuang Kuang

(ABSTRACT)

This thesis presents a data-driven framework for the quantitative characterization of micro-

structural shape and topology in engineering materials, integrating invariant geometric de-

scriptors and statistical dimensionality reduction techniques. Specifically, Hu moments,

Principal Eigenvalue Moment (PEM), and Principal Component Analysis (PCA) are ap-

plied to a diverse dataset comprising experimental images of Titanium-Aluminum alloys

and Inconel 718 superalloy, computationally designed meta-materials including unit cells

and spinodoids, and synthetic microstructures generated via deep learning models such as

Progressive Generative Adversarial Network (PGAN) and Denoising Diffusion Probabilis-

tic Models (DDPM). Both Hu moments and PEM portray a high degree of invariance to

rotation and scaling, showing considerable effectiveness in capturing morphologic features

like grain size, ellipticity, and asymmetry. PCA provides a complementary perspective by

revealing global variance patterns in pixel intensity distributions, although it is sensitive to

rotation and color information. The result reflects that synthetic images generated from

DDPM closely mimic real microstructure data in terms of both shape and texture, whereas

images from the PGAN model align better with color-based PCA. The framework supports

reproducible and scalable quantification of microstructures, which aids materials informatics,

classification, and computational materials design.



Data-Driven Characterization of Micro-structural Shape and Topol-
ogy in Engineering Materials

Kuang Kuang

(GENERAL AUDIENCE ABSTRACT)

Materials employed in aerospace and other engineering fields need to possess a unique com-

bination of properties - being exceptionally strong, lightweight, and resistant to harsh envi-

ronments. These attributes depend not only on the constituents of the material, but also

on the internal structure, known as the , which demonstrates geometric fea-

tures that are shaped and ordered. This research proposes novel computational methods

for the quantification and comparison of microstructures. It seeks to improve our under-

standing of the relationship between microstructure morphology and material performance

by applying image processing techniques and sophisticated mathematical algorithms to im-

ages of various metals and synthetic materials. The study uses a mix of real materials (like

Titanium-Aluminum and Nickel alloys) and artificially generated materials with machine

learning methods. Through pattern comparison, the work accelerates evaluation processes

for new materials and enables the development of materials designed with enhanced safety,

efficiency, and adaptability for emerging technologies.



1.1 Role of Microstructures in Material Performance . . . . . . . . . . . . . . . . 1

1.2 Challenges in Traditional Microstructure Quantification . . . . . . . . . . . . 2

1.3 Proposed Metrics for Micro-structural Shape and Topology Quantification . 3

1.3.1 Hu Moments and Principal Eigenvalue Moments (PEM) . . . . . . . 3

1.3.2 Principal Component Analysis (PCA) . . . . . . . . . . . . . . . . . 4

1.4 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.1 Microstructure Quantification using Data-Driven Metrics . . . . . . . . . . . 6

2.1.1 Hu Moments and Principal Eigenvalue Moment (PEM) . . . . . . . . 6

2.1.2 Principal Component Analysis (PCA) . . . . . . . . . . . . . . . . . 9

2.2 Materials and Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.2.1 Metallic Microstructures . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.2.2 Mechanical Metamaterials with Unit Cell and Spinodoid Topologies . 16

iv



3.1 Results with Hu Moments and Principal Eigenvalue Moment . . . . . . . . . 19

3.1.1 Results for Metallic Microstructures . . . . . . . . . . . . . . . . . . 19

3.1.2 Results for Unit Cells and Spinodoids . . . . . . . . . . . . . . . . . 28

3.2 Principal Component Analysis (PCA) . . . . . . . . . . . . . . . . . . . . . 31

3.2.1 Results for Metallic Microstructures . . . . . . . . . . . . . . . . . . 32

3.2.2 Results for Unit Cells and Spinodoids . . . . . . . . . . . . . . . . . 40

4.1 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.2 Future works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

4.3 Concluding Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44



1.1 Schematic of the High-Dimensional Microstructure Space [20] . . . . . . . . 1

1.2 Grain Size Calculation using Intercept Technique [10] . . . . . . . . . . . . . 2

2.1 Experimental (EBSD) images of Titanium-Aluminum Alloy microstructures 12

2.2 Synthetic images generated for Titanium-Aluminum alloy samples . . . . . . 14

2.3 Inconel-718 microstructures generated with different window sizes . . . . . . 15

2.4 Example topologies for unit cell and spinodal (spinodoids) metamaterials . . 17

3.1 Hu moment map for the experimental data of Titanium-Aluminum alloys . . 19

3.2 Principal Eigenvalue Moment (PEM) map for the experimental data of Titanium-

Aluminum alloys . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3.3 Hu Moment maps of experimental and synthetic data of Titanium-Aluminum

alloys . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

3.4 Principal Eigenvalue Moment (PEM) maps of experimental and synthetic

data of Titanium-Aluminum alloys . . . . . . . . . . . . . . . . . . . . . . . 24

3.5 Hu moment maps for microstructures created with different window sizes . . 26

3.6 PEM maps for microstructures created with different window sizes . . . . . . 27

3.7 Hu moment map for spinodoid materials . . . . . . . . . . . . . . . . . . . . 29

3.8 PEM map for spinodoid materials . . . . . . . . . . . . . . . . . . . . . . . . 30

vi



3.9 PCA Map for experimental Titanium Aluminum microstructures (grayscale) 31

3.10 PCA map for experimental Titanium-Aluminum microstructures (color images) 33

3.11 PCA map for synthetic Titanium-Aluminum microstructures (grayscale) . . 35

3.12 PCA map for synthetic Titanium-Aluminum microstructures (color images) 36

3.13 PCA map for Inconel-718 microstructures (grayscale) . . . . . . . . . . . . . 38

3.14 PCA map for Inconel-718 microstructures (color images) . . . . . . . . . . . 39

3.15 PCA map for spinodoid topologies . . . . . . . . . . . . . . . . . . . . . . . 41



3.1 Hu moment statistical analysis for the experimental data of Titanium-Aluminum

alloys . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3.2 PEM statistical analysis for the experimental data of Titanium-Aluminum

alloys . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

3.3 Hu statistical analysis for the synthetic data of Titanium-Aluminum alloys . 25

3.4 PEM statistical analysis for the synthetic data of Titanium-Aluminum alloys 25

3.5 Hu statistical analysis with different window sizes . . . . . . . . . . . . . . . 26

3.6 PEM statistical analysis with different window sizes . . . . . . . . . . . . . . 28

3.7 PCA (Grayscale) statistical analysis for the experimental data of Titanium-

Aluminum alloys . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.8 PCA (Color) statistical analysis for the experimental data of Titanium-Aluminum

alloys . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.9 PCA (Grayscale) statistical analysis for the synthetic data of Titanium-Aluminum

alloys . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.10 PCA (Color) statistical analysis for the synthetic data of Titanium-Aluminum

alloys . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.11 PCA (Grayscale) statistical analysis with different window sizes . . . . . . . 37

3.12 PCA (Color) statistical analysis with different window sizes . . . . . . . . . 38

viii



�x; �y centroids of the image

�pq normalized central moments

�k eigenvalues

�1/2 principal eigenvalue moments

� mean vector

�pq central moments

�i Hu moments

~X centered data matrix

C covariance matrix

I(x; y) intensity of each pixel

Mpq raw moments

p; q moment orders

vk eigenvectors

W matrix of selected eigenvectors

X data matrix

Xproj projected data

ix



CT X-ray computed tomography

DDPM Denoising Diffusion Probabilistic Models

EBSD electron backscatter diffraction

FIB-SEM focused ion beam scanning electron microscopy

GRF Gaussian Random Fields

IPF Inverse Pole Figure

PC principal component

PCA Principal Component Analysis

PEM Principal Eigenvalue Moment

PGAN Progressive Generative Adversarial Network

RGB Red-Green-Blue

RVE representative volume element

Ti-Al Titanium-Aluminum alloys



Figure 1.1: Schematic of the High-Dimensional Microstructure Space [20]

Microstructure is the proper arrangement of a material which includes phases, grains, and de-

fects in a scalable nanometer to micrometer range [19]. Its importance is in bridging the gap

between a material’s processing history and its mechanics, thermodynamics, and chemical

attributes on a macro level. In most structural engineering materials, micro-structural fea-

tures like grain size, shape, orientation, and topology have a significant impact on strength,
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ductility, fatigue life, corrosion resistance, and overall performance [19]. Therefore, in high-

performance materials integrated with aerospace, biomedicine, energy, and transportation,

predicting material behavior becomes vital with the control and design of the features of the

underlying microstructures.

Figure 1.2: Grain Size Calculation using Intercept Technique [10]

Traditional methods used for microstructure quantification utilize qualitative or semi-quantitative

approaches like manual labeling, visual inspection, or basic arithmetic calculations like av-

erage grain size and aspect ratio [2, 6, 10, 32]. Furthermore, the comparison of datasets

from different material systems or with varying processing parameters is complicated by



differences in image capture quality, orientation, imaging scale, and resolution. Because

there are no standardized, quantifiable benchmarks, it is impossible to systematically relate

micro-structural features to functional attributes. This also stagnates advancement in the

design and discovery of materials.

To address these challenges, this study proposes a quantitative approach to capture the

morphological features of microstructures of different materials.

This study addresses the quantification of microstructural morphology by developing a novel

data-driven framework that integrates image-based shape description and dimension reduc-

tion algorithms to capture micro-structural shape and topology in a reproducible and scal-

able manner. The methodology is based on three main techniques: Hu moments, Principal

Eigenvalue Moment (PEM), and Principal Component Analysis (PCA).

Hu moments are a specific set of seven geometric image moments which are invariant to ro-

tation, translation, or even image scaling [13]. These descriptors form an effective, concisely-

framed representation of shape that is useful for defining grain boundaries, porosity patterns,

and other morphological attributes in micro-structural images [30]. The first and second Hu

moments are the most critical descriptors, as they assist in the identification of critical fea-

tures such as the grain shape formation as a result of the processing-induced micro-structural

variations. Incorporating Hu moments, Principal Eigenvalue Moment (PEM) is proposed as



a scalar metric that combines the first and second Hu moments to represent overall shape

complexity [31]. PEM enhances shape descriptors by integrating them into a single num-

ber, thus streamlining comparison and clustering of distinct micro-structures. With high

robustness and invariant properties, PEM serves as an efficient estimator of summarizing

micro-structural morphology in large-scale datasets that require condensed metrics for effec-

tive computation and visualization. Therefore, Hu moments together with PEM provide a

powerful combination of shape-based metrics.

Principal Component Analysis (PCA) is a technique in statistics used to reduce the di-

mensionality of a dataset while retaining as much variance as possible, by transforming the

data into a new set of variables which are orthogonal to each other, termed as principal

components [3]. In the context of image analysis, PCA transforms the pixel intensity distri-

butions into components that capture the directions of maximum variance, facilitating visual

comparison and clustering of large microstructure datasets. Unlike Hu moments and PEM,

PCA is sensitive to the arrangement of an image and able to incorporate color (Red-Green-

Blue (RGB) channels) information, thus serving as an additional and alternative method for

micro-structural characterization.

This study introduces advanced, data-driven metrics for characterizing micro-structural

shape and topology in both experimental and synthetic material datasets. The framework

is applied to a diverse range of materials, including Titanium-Aluminum alloys, Inconel 718



superalloy, computationally designed unit cell meta-materials and spinodoids, as well as the

microstructures generated by deep learning models. The research shows that Hu moments

and PEM develop shape descriptors that are rotation-invariant while PCA captures the

variance pattern globally. Collectively, they allow an in-depth and quantitative analysis of

microstructures in different materials and under different processing conditions. Such anal-

ysis helps in devising better tools for materials informatics and aids in designing advanced

materials with performance attributes tailored to the requirements.



This chapter introduces the approaches and materials used to classify the shapes and topolo-

gies of microstructures. It is divided into the following subsections: “Microstructure Quan-

tification using Data-Driven Metrics,” where the mathematical tools such as Hu moments,

Principal Eigenvalue Moments (PEM), and Principal Component Analysis (PCA) are dis-

cussed; and “Materials and Datasets,” which presents the materials: Titanium-Aluminum

alloys, Inconel-718, Unit-Cells and Spinodoids.

A collection of geometric properties that are invariant to translation, scale, and rotation is

referred to as Hu moments [13]. These are particularly useful when analyzing the shape

of objects in the image processing field. These were first proposed by Hu in 1962 in his

classical work ‘Visual Pattern Recognition by Moment Invariants’ and have since been used

for numerous pattern recognition applications [16]. In the proposed research, Hu moments

are calculated for the shape features of micro-structural elements such as grain shapes to
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leverage their consistent classification irrespective of changes in imaging conditions.

In order to calculate Hu moments of an image, central moments need to be first obtained

from Equation 2.1 [16]. Here, x and y refer to the position of each pixel, which starts from the

top left (e.g., pixel at the top left will have both x and y equal to 0). In this representation, p

and q are positive integers that refer to the moment order in x and y directions, respectively,

and I(x; y) represents the intensity of each pixel (from 0 to 255).

�pq =
X

x

X
y

(x � �x)p(y � �y)qI(x; y) (2.1)

�x =
M10

M00

; �y =
M01

M00

(2.2)

Mpq =
X

x

X
y

xpyqI(x; y) (2.3)

In Equations 2.1 and 2.2, �x and �y are centroids of the image which can be derived using

raw moments shown in Equation 2.3, where M00 represents the sum of pixel intensities in

the region; M10 represents the sum of x-coordinates multiplied by pixel intensities; M01

represents the sum of y-coordinates multiplied by pixel intensities. The central moments are

then normalized using Equation 2.4, which ensures that the moments do not change with

different image sizes. The seven Hu moments can then be derived from the combination of

normalized central moments as shown in Equation 2.5. For a better visualization, only the

first and second Hu moments are plotted for each image. Moreover, since Hu moments are

only focused on the shape and topology information, each image is transferred into grayscale

before calculation. The formulation for the seven Hu moments (�i with i = 1; 2; :::; 7) is

given next [31]:



�pq =
�pq

�
1+ p+q

2
00

(2.4)

�1 = �20 + �02 (2.5a)

�2 = (�20 � �02)2 + 4�2
11 (2.5b)

�3 = (�30 � 3�12)2 + (3�21 � �03)2 (2.5c)

�4 = (�30 + �12)2 + (�21 + �03)2 (2.5d)

�5 = (�30 � 3�12)(�30 + �12)[(�30 + �12)2 � 3(�21 + �03)2]

+ (�21 � �03)(�21 + �03)[3(�30 + �12)2 � (�21 + �03)2]

(2.5e)

�6 = (�20 � �02)[(�30 + �12)2 � (�21 + �03)2] + 4�11(�30 + �12)(�21 + �03) (2.5f)

�7 = (3�21 � �03)(�30 + �12)[(�30 + �12)2 � 3(�21 + �03)2]

� (�30 � 3�12)(�21 + �03)[3(�30 + �12)2 � (�21 + �03)2]

(2.5g)

After computing the first and second Hu moments of an image, the principal eigenvalue

moments (PEM) can be derived from them as shown in Equation 2.6. As a combination

of the first and second Hu moments, principal eigenvalue moments are also invariant to

translation, rotation, and scale, making them effective for quantifying the shapes (e.g., grain

shapes) of microstructures. In addition to Hu moments, PEM consolidates multiple shape

features into one metric, which makes the comparison and interpretation of microstructural

data easier. It aids in visualization and clustering through reduced dimensionality seen in

the analyses of metallic microstructures (Section 3.1). The PEM is formulated next.

�1/2 =
�1 �

p
�2

2
(2.6)



Principal Component Analysis (PCA) is a technique that reduces the dimensionality of data

by transforming a large set of variables into a smaller set of uncorrelated variables known

as principal components, while retaining a maximum possible proportion of the original

data’s variability [3]. The term, PCA, was first described by Karl Pearson in 1901 in his

published work “On Lines and Planes of Closest Fit to Systems of Points in Space” in

Philosophical Magazine [28]. It was primarily aimed at simplifying complex datasets within

statistics; PCA originated in an era where there was an increased focus on multivariate

analysis. Its uses broadened over time, especially in image processing, materials science, and

it became foundational in dealing with vast amounts of data, for example, in modeling the

microstructures of engineering materials [8, 12, 21, 23, 27, 29, 35].

To implement PCA on a group of images, each image is first converted into a 1-D vector. For

example, a 50 � 50 grayscale image is flattened into a 1 � 2; 500 vector; for a same size but

color image, which in this study a three channel RGB image. Thus, it becomes a 1 � 7; 500

vector (50�50�3). The way to convert a grayscale image into a 1-D vector is to concatenate

each row consecutively from top to bottom. Similarly, to obtain a 1-D vector from a color

image, where each pixel contains three intensity values corresponding to the RGB channels,

the values from all three channels of each pixel are arranged sequentially. This process is

applied across the entire image, resulting in a flattened 1-D representation. For a total of

n images, all having the same resolution, these 1-D vectors are collected into a matrix X,

where each row corresponds to a vectorized image of length d, as referenced in the following

equation:



X =

266666664

x11 x12 � � � x1d

x21 x22 � � � x2d

... ... . . . ...

xn1 xn2 � � � xnd

377777775
(2.7)

Next, a centered data matrix ~X (n � d matrix�is obtained by subtracting means from each

image vectors, as shown in Equation 2.8, where � is a 1 � d vector that contains means from

each column of matrix X (1�T leads to a n � d matrix that broadcasts � to every row of X)

[3].

~X = X � 1�T ; � =
1

n

nX
i=1

xi (2.8)

The covariance matrix C of the centered data matrix ~X(n � d matrix�can be derived shown

in Equation 2.9. Before computing the principal components, eigenvalues and eigenvectors

of the covariance matrix C are derived using Equation 2.10 where vk is the kth eigenvector of

d dimensions, and �k is the corresponding eigenvalue. After that, eigenvalues are arranged

in descending order, presented in Equation 2.11.

C =
~XT ~X

n
(2.9)

Cvk = �kvk; k = 1; 2; :::; d (2.10)

�1 � �2 � � � � � �d (2.11)

For a simple visualization, only the first two principal component (PC) values, PC1 and

PC2, are calculated for each image. Therefore, v1 and v2, which are associated with �1 and



�2, represent the directions of maximum variance, are selected to form a d � 2 matrix W in

Equation 2.12. To obtain the PC1 and PC2 values for each image, the centered data matrix
~X is projected onto the matrix W in Equation 2.13. Xproj is an n � 2 matrix that contains

PC1s ((Xproj)i1) and PC2s ((Xproj)i2) for all the images. To find out how much variance of

the data explained by PC1 and PC2, the largest and second largest eigenvalues (�1 and �2)

are simply divided by the sum of all the eigenvalues obtained from the covariance matrix C,

as shown in Equation 2.14.

W = [v1; v2] (2.12)

Xproj = ~XW (2.13)

�1Pd
k=1 �k

;
�2Pd

k=1 �k

(2.14)

To help characterize microstructural shape and topology, two distinct metallic microstruc-

tures have been analyzed: Titanium-Aluminum alloys (Ti-Al) and Nickel Chromium-based

superalloy known as Inconel 718. The Titanium-Aluminum (Ti-Al) alloy system exhibits

exceptional mechanical strength and low density, as well as outstanding high-temperature

stability and exceptional corrosion resistance [9]. Such properties make them particularly

advantageous for aerospace and automotive applications, as well as in the biomedical field,

where lightweight and high tensile strength are critical in mechanical engineering. Inconel su-

peralloys, as defined by extreme oxidation, corrosion, and thermal resistance, have become
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