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ABSTRACT

Hybrid composites are composed of multiple fillers incorporated into a single matrix. With
enhanced and unique material properties, hybrid composites are suited for specific applications in
material science and mechanical engineering, particularly in aerospace, automotive, and sports
equipment. Hybrid composites with various fillers of different geometries and properties are
multifunctional with complex microstructures that affect mechanical performance. Designing
materials with specific characteristics is challenging due to the numerous microstructural factors,
such as filler geometries and distributions, as well as the complexity of analyzing these structures.
Traditional design methods rely on trial and error which are time-consuming and computationally
intensive requiring extensive human intervention for feature extraction and descriptors selection.
Recent advancements in materials science leverage artificial intelligence (Al) including deep
learning (DL) to tailor microstructure designs for desired mechanical traits and discovery of novel
materials through large-scale databases. The main goal of this dissertation is to develop an Al-
driven framework for designing tailor-made hybrid composite microstructures with desired
mechanical behaviors. By integrating Al with finite element analysis (FEA), additive
manufacturing (AM), and experimental validation, the framework aims to establish a
comprehensive understanding of structure-property (S-P) and inverse S-P relationships in hybrid
composites. Firstly, the study aimed to characterize S-P relationships by leveraging a conventional
design of experiments, a theoretical hybrid model, and an image-driven machine learning (ML)
approach to investigate the mechanical behaviors of 3D printed lightweight hybrid composites.
Then, inverse microstructural designs for hybrid composite materials were developed to achieve
tailor-made full-range stress-strain relationships by utilizing FEA and DL techniques. Lastly,
inverse S-P relationships were formulated by integrating a domain-specific constraint model which
explained the design of tailor-made materials using fundamental knowledge of material design.
Custom-designed lightweight materials with Al-driven models will enhance the understanding of
S-P relationships in hybrid composites leading to reduced design time as well as computational

resources.
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CHAPTER 1

INTRODUCTION

2.1 Overview

The development of multiscale hybrid composites represents a promising frontier in high-
performance lightweight materials with significant potential across industries such as aerospace,
automotive, materials engineering, and advanced manufacturing. These hybrid composites
combine two or more distinct types of fillers such as different geometries or functionalities
incorporated into a matrix to attain enhanced multifunctional or unique properties. The ability to
tailor microstructures in composite materials enables exceptional performance under lightweight
and high-stress conditions by improving both mechanical properties and efficiency. The
advancement of design strategies in materials science now integrates advanced artificial
intelligence/ machine learning (AI/ML), such as deep learning techniques for designing
microstructures for on-demand materials. Integrating Al-driven models into the design process
further enhances the ability to customize these microstructures by refining performance
predictions. This integration is promising in novel materials discovery and design through
extensive database and mathematical modeling. Understanding the structure-property (S-P)
relationships in hybrid composites can transform various industries by reducing environmental
impact, improving energy efficiency, and promoting sustainability. The composites demonstrate
characteristics like reduced weight, enhanced anti-fatigue properties, and superior tensile strength

and stiffness due to their intricate and heterogeneous microstructures.

Lightweight hybrid composites are ideal for flexible structural designs and multifunctional
applications which offer the advantages of low density and reduced energy consumption. With
advancements in 3D printing, the microstructures of these composites can be precisely tailored
through careful control of the manufacturing processes. The mechanical properties of hybrid
composites are heavily influenced by the intrinsic characteristics of their fillers and matrices, such
as the geometries, densities, and strengths of the fillers, as well as the resulting microstructures
shaped by factors like spatial distribution, orientation, and alignment during production. Exploring
S-P relationships and customizing microstructural traits enables the achievement of desired

material performance by focusing on key mechanical attributes such as strength, ductility, and



durability, resulting in improved functionality, efficiency, and reliability across diverse
applications.

2.2 Problem Statement

Hybrid composites generally have sophisticated microstructures consisting of several types of
fillers along with various length scales and diverse geometries. These intricacies in the
microstructures lead to the formation of multi-phase interfaces and local defects that collectively
impact their mechanical properties. Therefore, designing tailor-made materials with desired
mechanical characteristics poses a formidable challenge due to the multitude of microstructural
factors (e.g., filler geometries, orientation, and distribution), and the complexity of controlling and
analyzing the diverse structural data sets. Many traditional design approaches relying on trial and
error and heuristic rules, are time-consuming and computationally expensive due to numerous
design variables, design spaces and required human intervention. Also, existing research often
relies on manually selected descriptors and feature extraction from microstructural images which
require significant designer’s input. Current research focuses on design optimization, while a
shortfall remains in structural design for tailor-made properties and the availability of datasets. To
overcome the limitations, this study aims to leverage the integration of finite element analysis
(FEA) and an Al-driven framework to design tailored hybrid composite microstructures and

formulate S-P relationships.
2.3 Objective

The overarching objective of this dissertation is to investigate an Al-driven framework that can
effectively design hybrid composite microstructures with tailorable mechanical performance. The
Al framework, together with FEA, additive manufacturing (AM) and experimental validation, will
enable us to establish fundamental knowledge of S-P and inverse S-P relationships in hybrid
composites. We hypothesize that integrating FEA with advanced ML techniques can effectively

predict and design these relationships. The specific aims are-

1. Characterize S-P relationships: Leverage a conventional design of experiments, a
theoretical hybrid model, and an image-driven ML method to investigate the mechanical behaviors

of 3D printed light-weight hybrid composites.



2. Develop microstructural designs: Construct the hybrid composite materials microstructural
designs from tailor-made mechanical properties, using the FEA and advanced ML techniques,
specifically cGAN.

3. Formulate inverse S-P relationships: Derive the inverse S-P relationships of hybrid
composite materials by integrating domain specific constraint model to explain the tailor-made
materials with fundamental knowledge of material design.

Custom-designed materials, emphasizing the properties like low density and superior performance
will be beneficial in various applications, such as aerospace and automotive parts, sports
equipment, and protective coatings for devices. By developing Al-driven models, this research
will be able to contribute to a comprehensive understanding of the S-P relationships in hybrid

composites and reduce the time and computational resources for designing tailor made structure.



CHAPTER 2
BACKGROUND AND MOTIVATION

2.1 Hybrid Composites

In 2022, the global composite market value was USD 93.69 billion with an expected expansion at
a compound annual growth rate (CAGR) of 7.2% from 2023 to 2030.%? The rising market was
caused by the increased demand for lightweight components in the automotive, transportation
sectors and manufacturing industries for reducing the transportation parts weight focusing on fuel
efficiency and performance.® From the perspective of lightweight automobiles, a 9% reduction in
vehicle weight was led to a 7% to 9% reduction in energy consumption which led to a 1.54%
increase in global automotive sales from 2021 to 2022.* Furthermore, the global urbanized area
increased by approximately 6.92% from 2016 to 2022, which also tended to boost the demand for
hybrid composites in both the automotive and construction sectors.® Several types of fibers are
renowned for their high strength and lightweight properties, such as carbon fibers, aramid fibers
(such as Kevlar), ultra-high-molecular-weight polyethylene (UHMWPE), glass fibers, and so on.
Among them, glass fiber was favored for its tensile strength, rigidity, and lightweight properties,
making it a preferred material for composite manufacturing with a 60.0% revenue market share in
2022.% Carbon fiber reinforced polymers (CFRP) are known for their lightweight, high tensile
strength and are commonly used in both interior and exterior aircraft applications.” Based on the
fiber, composites can provide ranging from 15% to 40% more lightweight property.® With the
inflated demand of lightweight material towards the progress of automotive, aircraft production
and manufacturers industries, the competition and growth of the hybrid composite are anticipated

to intensify.!®

Hybrid composites comprise a matrix and two or more fillers with distinct properties and diverse
geometries to achieve a synergic effect that single filler composites often lack.®® Hybrid
composites can have high specific properties and enhanced material performance in applications
of aerospace, automotive, packaging, lightweight structures, civil engineering, aviation, sports,
biomedicine, thermomechanical components, and other fields.}**® Designed with diverse
materials, hybrid composites can demonstrate particular characteristics, such as high strength-to-
weight ratios, improved anti-fatigue properties, high tensile strength and stiffness, exceptional

durability, tailored thermal and electrical conductivity due to their complex and heterogeneous
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microstructures.’® Lightweight hybrid composites can benefit flexible structural designs and
multifunctional applications with low density and less energy consumption.® Furthermore, hybrid
polymer composites microstructures are significantly influenced by factors such as the
morphology, characteristics such as type, size, shape, distribution and orientation of fillers, along
with other design variables of constituent elements.'®, Traditional methods often explored and
optimized this intricate design space and its influencing factors. For example, design of
experiments (DOE) approaches was utilized to conduct and analyze experiments for understanding
the effects of various factors and their interactions. In DOE, experimental planning, such as the
Taguchi method, and analysis of variables (ANOVA) were used to quantify the process-property
relations to optimize materials performance.'”*® Various techniques, such as morphological
analysis, regression analysis, gray relational analysis, and tensile and rheological tests, were
needed.’®?2 However, given the complexity of microstructural design spaces and the high
dimensionality of the design variables, the reliance on these approaches made the exploration of
each factor individually time-consuming and labor-intensive. Heuristic rules and trial-and-error
approaches were used to experiment with different processing conditions and material
compositions based on empirical knowledge. However, this approach falls short in designing novel
composites with advanced or tailored properties.'®?*24 Constituent-Based Design plays a pivotal
role in systematically selecting and combining materials to achieve desired composite
characteristics. This design focuses on developing mathematical models to explain the relationship
between the stress, strain, and failure mechanisms of composites at different scales and also

incorporate the effects of microstructural factors.?®
2.2 Additive Manufacturing (AM)

In the realm of AM, the intricate interplay between process parameters, material microstructure,
and the resulting properties of manufactured parts is quite significant.?6-2 Particularly in extrusion
based composites, the precise control over the intricate spatial arrangement of materials at the
microscopic level plays a pivotal role in defining the microstructure which directly influences the
mechanical and thermal characteristics of the final product.?® Through leveraging these
relationships, significant progress has been made in the field of 3D printing, particularly in the
development of advanced composites that exhibit superior mechanical characteristics with

controlled manufacturing processes.®®* 3D printing requires a comprehensive understanding and



careful optimization of numerous factors, including raster speed, extrusion temperature, nozzle
diameter, printing speed and material properties such as ink composition, viscosity, spatial
distribution, filler orientation, and so on. With the advancement of 3D printing, the microstructures
of composites can be carefully tailored by the control of manufacturing processes.®*3 The
mechanical properties of the composites highly rely on the intrinsic material properties of the
fillers and matrix, such as fillers' geometries, densities, and strength, as well as resulting
microstructures due to manufacturing processes, including spatial distribution, orientation, and

alignment of the fillers 12:24:31:33.34

Leveraging the 3D printing process parameters, various works have been done with a focus on
manipulating the spatial structural variation by 3D printing to achieve advanced composites with
higher stiffness, toughness, and fatigue thresholds, which may have orders of magnitude
enhancement.?4323436 Eor example, Mo and Raney® harnessed a rotational nozzle and printing
path designs to enable elongated and helical fiber alignments and created mechanical anisotropy
by spatial distribution for aorta-inspired fiber composites. Mechanical properties contrast was
obtained by printing a series of regions with various filler orientations.®® In light of the
manufacturing, the nature-inspired composites exhibited different deformation modes and high
resistance to failure, even with significant defects and under cyclic loads. Another example is that
Muth et al.® 3D printed porous cellular structures and evaluated them with adjustable
microstructures, geometries, and stiffness through the modification of ink composition, printing
path, and sintering conditions. Compared to bulk-cast foam and light-based 3D printing structures,
a unit cell based on these architected structures featured at least one order of magnitude less density
and higher stiffness.3? Understanding the processing of advanced composites requires linking
process-structure-property (P-S-P) relationships through both statistical methods (like DOE and
ANOVA) and theoretical modeling (including continuum mechanics and micromechanical
models) to optimize material performance and correlate mechanical properties with structural
heterogeneity and 3D printing. Despite the great effort in theoretical models, it remains challenging
when different heterogeneous fillers are considered, or experimental uncertainties are considered

rather than the ideal conditions.?®



2.3 S-P Relationships

To explore the composites design space, formulating the S-P relationships has been required to
determine the combination of microstructure to obtain tailor properties. For a comprehensive
understanding of the P-S-P relationships, various works have focused on creating constitutive
models. In constitutive modeling, various analytical models, such as continuum mechanics and
micromechanical models, have been investigated for different material combinations and
mechanical constraints.®*! For instance, continuum mechanics models have been proposed to
illustrate the phenomena, including the stretch-induced softening in elastomers-based composites
and anisotropic damage parameters of the fiber reinforcement for the mechanical response of soft
biological tissues, such as tendons and blood vessel walls.®" 28424 Micromechanical models, such
as shear lag models and energy release rate calculations, have been used to evaluate the shear stress
distribution at filler-matrix interfaces and establish failure mechanisms.**“> The field of S-P
relationships has been explored based on statistical parameters derived from 3D printing processes
or computational modelling, such as average filler dimensions, average orientation angles,
roughness of interfaces, and average inter-filler distances.*®**" In order to investigate S-P
relationships, individual statistical parameters effect on mechanical behavior were generally
discussed using constitutive and computational models.?*4%4¢ In addition, process parameters of
3D printing were also analyzed to identify and derive mechanical properties like stiffness, failure
strength, damage behavior for the correlation of S-P.*° To address the variability and uncertainties
in the mechanical properties of composites, the parameters for 3D printed additive manufacturing
were tailored to analyze damage, failure behavior, and interlayer bond strength, using the
stochastic constitutive modeling approach.>®®! Constitutive mechanical modeling has also relied
on factors like strain rates, temperature, and filler-reinforced adhesives to predict mechanical
properties along with the fracture analysis of elasto-plastics based composite to overcome the
traditional trade-off between plasticity and strength design strategies.®>>* To define the
relationship between microstructure and mechanical properties, microstructure-based theoretical
model was also developed and validated, offering predictions on tensile strength to show the
influence of microstructural factors such as filler dimensions and volume fraction.>® Despite the
great effort in theoretical models, it remains challenging when different heterogeneous fillers are

considered, or experimental uncertainties are considered rather than the ideal conditions.?



Traditional methods are good starting points, however, designing hybrid composites presents
formidable challenges due to their nonlinear behavior, multiphase nature, and the various
challenges in optimization, testing, environmental sensitivities, and manufacturing.®*-%® Hybrid
composites require sophisticated design approaches due to their intricate properties for effective
optimization. To address the complexity and variability of the control factors, advanced techniques
like computational modeling, finite element analysis, and molecular dynamics simulations
integrated by empirical and data-driven methods have become necessary for a more
comprehensive understanding and optimization.> Particularly in addressing intricate rheological
behaviors and microstructural variations, these approaches can capture with great accuracy.
Consequently, the uses of computational models, artificial intelligence specifically ML models has
been quite promising towards the advancement of the tailor-made properties.1-2

2.4 Al-driven Design of Hybrid Composites

ML is a branch of Al which has recently become a pivotal technology in mechanical engineering.
ML models have become integral to structural analysis of composite materials, especially in
computational mechanics for predicting the properties and failure points of structural elements by
leveraging vast data from experiments and simulations.®*%” ML model employs statistical and
probabilistic techniques to identify patterns within extensive datasets which facilitates the
prediction and analysis of structural behaviors and material properties using advanced computing
power and algorithms.%® Deep learning (DL) model is a subset of ML and artificial intelligence
which leverages neural networks with multiple layers to model and understand the complex
relationships between the structure of composite materials and their properties. These DL models
can learn from vast amounts of data to predict the material behavior under any loading conditions

by identifying the patterns and hidden relationships.
2.4.1 Predictive Modelling Approaches

Advanced ML algorithms are transforming composite materials research by enhancing the analysis
of mechanisms in additive manufacturing and structural design. Also, they are outperforming
traditional methods in predicting flexural behavior and establishing P-S-P correlations for
controllable mechanical parameters. Several studies have integrated Al technologies, including

ML and DL, across various fields for emphasizing their impact on enhancing computing



capabilities and enabling sophisticated tasks such as self-teaching and identifying complex
patterns. This role of Al improves numerical modeling for predicting material properties
traditionally reliant on extensive experimentation. To address the complexity of relationships and
the high dimensionality in the design and analysis of polymer composites, advanced algorithms
and predictive modeling are supplemented by experimental validation to optimize properties like
strength and lightweight.%® The application of Artificial Neural Network (ANN) in constitutive
modeling of composite materials and predicting the impact energy absorption of thermoplastic
composites has been explored to forecasts the mechanical properties in optimizing the design by
leveraging the progressive failure behavior of composites.”®™ This process facilitated the
integration of analytical modeling, multiscale modeling, experimental data and physics-based
simulations to demonstrate the potential of AL.®>2 Hybrid ANN approaches were utilized to
optimize 3D printing parameters and for damage identification in composites, targeting the
enhancement of PSP relationships.”"> ML algorithms have been used to predict and optimize the
fiber-reinforced polymer composites properties through streamlining design processes and

overcoming traditional experimental constraints through computational methods.?>®
2.4.2 ML-driven Material Designs

The exploration into the design of bio-inspired materials through the computational modeling, Al,
and big data showcases the application of multiscale simulations and Al in exploring the vast
design space of soft bio-inspired materials for material discovery and design.”” The application of
ML in design has revolutionized reinforced polymer composites to achieve and investigate durable
and superior properties for multiscale and multifunctional productions.®®®"® Further studies
elaborate on various aspects of Al's application from predictive modeling, property optimization
and material's structural design optimization to the development of novel composite materials and
the enhancement of manufacturing processes and sustainable development.’:74.75.78.80
Furthermore, the ML has advantages in analyzing large databases and establishing mathematical
relations in novel materials discovery and design. To design optimal composite materials,
traditional methods like gradient-based topology optimization and genetic algorithms have been
extensively utilized. Recent research on generative inverse design networks (GIDN) offers a novel
approach by optimizing design variables through random initialization and incorporation of active

learning to optimize material properties with less data. Despite GIDNs demonstrating potential



with high prediction accuracy and improved design quality, their effectiveness relies on the
availability of comprehensive, representative data, and face challenges in achieving satisfactory
outcomes across various design objectives.®! Due to advances in additive manufacturing, topology
optimization techniques are increasingly utilized to optimize material distribution to enhance
performance which is transitioning from homogenization-based approaches to multi-scale
structures.®2#* Designing these multi-scale structures poses significant challenges to address
constraints such as pattern repetition and local volume limitations. Despite recent progress
involving the application of diverse methods such as SIMP (solid isotropic material with
penalization) and inverse homogenization, achieving specific properties in these complex designs
remains a formidable challenges.®2% In response to the need for a deeper understanding of S-P
relationships, researchers have explored several structural optimization techniques.®®-8 These
methods involve the selection of relevant properties or attributes and formulation of an objective
function using optimization algorithms to iteratively adjust the structure to optimize this function
while considering constraints. This process explores the design space, accommodating parameters
like geometry and materials, and often requires iterative refinement to converge toward an optimal

solution.8%%
2.4.3 Image-based ML Models

Promising computational approaches based on advanced ML algorithms have emerged in
composites studies, from nanoscale interface mechanics to large-scale structural designs.®*®° To
evaluate the influence of composite mechanisms in additive manufacturing, a recent study
developed a data-driven framework on composite systems using a regression ML model and
compared that with conventional linkage techniques.®* Similarly, other studies have investigated
the effects of structural design variables on flexural behavior using an ensemble learning data-
driven model. They compared it with physics-based approaches and linear regression models,
where the data-driven model achieved improved performance.®? Further efforts were applied to
establish the P-S-P correlations considering their variables by developing a ML-based framework
to demonstrate the ML model's efficiency and obtain controllable mechanical
parameters.® Different than the data-driven models, fewer studies are using image-driven ML
models, which could capture details of the microstructures direct from experimental observations

and establish direct prediction based on the S-P relationships. There are several types of image-
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driven ML models such as Convolutional Neural Network (CNN), Autoencoder, Recurrent Neural
Network (RNN), Generative Adversarial Network (GAN), Support Vector Machines (SVM),
Decision tree, Random Forest and so on.®® The main functionalities of image-driven ML models
are designed and adapted for generating, reconstructing, sequencing, and classifying images.
Among them, CNN is capable of recognizing images and extracting features from them. CNN
provides scalable techniques for pattern recognition by utilizing the patches through whole images
to identify the local features.®” %8 The algorithm passes through several processing layers where it
translates and relates image properties closer to the output at each step.?>%° Subsequently,
Conditional Generative Adversarial Network (cGAN) excel in generating images focusing on
specific conditions which enables precise control over the characteristics of the generated images.
By conditioning the generation process based on the labeled, cGAN facilitate targeted image

creation, enhancing the diversity and relevance of the outputs.®
2.5 FEA and ML Combined Approaches in Composites Design

In the exploration of inverse S-P relationships of hybrid composites, computational modeling
approaches like the FEA employ sophisticated models and simulations to work on a tailored
material's properties and its structure across various length scales. With recent advances in
computational modeling, predictions for new composite configurations under different conditions
become much easier for complex hierarchical composite designs for desired properties. The
optimal combinations of microstructure and materials property allow to analyze for various loads
and boundary conditions to replicate the realistic cases and obtain detailed insights into the stress,
strain, and deformation patterns within the composite material. The integration of deep learning
with finite element analysis creates a powerful tool to investigate the S-P relationships for
lightweight hybrid composites with tailored properties for specific applications. The deep leaning
model also shows their versatility in inverse design across a spectrum of materials, including
polymers, photonic materials, inorganic solid-state functional materials, porous materials, and
thermoelectric materials. Prior researchers have employed ML to streamline materials discovery
and design, enabling the prediction of property behavior and structural optimization,101-103
Additionally, ML approaches have been utilized for exploring molecular space, navigating
complex high-dimensional microstructure spaces, and accommodating multi-objective application

needs.®>1%% Constitutive and computational models were used for defining the individual statistical
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parameters effect on mechanical behavior.?*%*4® Furthermore, data-driven and deep learning
techniques were also investigated to build quantitative correlations between microstructures and
property values.® Functional data analysis also used to validate the relation between physical
parameters and microstructural parameters in polymer composites.'® However, previous research
often focuses on predicting the mechanical property or optimizing structures using predefined
descriptors which relies on manually selecting descriptors or extracting features from

microstructural images, and requiring designer intervention,?%1:10
2.6 Outline

Currently, the predominant research emphasis is on microstructure design and optimization as well
as notable gap exists in the inverse structural design based on tailor-made properties. ML models
have the potential to explore diverse material properties within a given microstructure for further
understanding of novel materials. In this dissertation, an Al-driven framework was developed by
integrating FEA, ML, and mechanical experiments to effectively design hybrid composite
microstructures with tailorable mechanical properties by leveraging fundamental knowledge of S-
P relationships. The details of the experimental process, statistical analysis, ML model creation,
and FEA simulations are discussed in Chapter 3. A composite mechanics model and an image-
driven DL model were established to predict mechanical properties, as discussed in Chapter 4.
Statistical analysis identified key printing parameters, such as printing direction and volume
fraction of fiber, which significantly affected the mechanical properties. The developed hybrid
mechanics model captured the trends of mechanical properties and showed the upper bound results
due to the inconsideration of local uncertainty. The image-driven ML model demonstrated better
performance compared to the hybrid mechanics model by capturing experimental uncertainty. In
Chapter 5, a computational and DL-based framework was developed for the tailored designs of
hybrid composite materials' microstructures. Within the framework, a generative DL model was
built with the capability of generating tailored microstructures for desired mechanical
characteristics. This process also involved simulating two different composites for transfer
learning approach to validate the generative DL model performance. Simulated data frame was
utilized to train DL model to successfully generate the tailor microstructure with accurate
resemblance for specific mechanical behavior. By integrating a domain specific constraint model,

inverse S-P relationships were formulated to explain the experimental tailor-made materials with
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fundamental knowledge, as described in Chapter 6. Furthermore, an automotive parts application
was introduced to attain uniform stress distribution across different segmented parts.
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CHAPTER 3
MATERIALS AND METHODS

3.1 Materials

In this study, various polymer matrices and fillers were employed to fabricate hybrid composite
materials. The primary matrices used were polydimethylsiloxane (PDMS) and epoxy which were
selected for their mechanical properties, flexibility, low cost, and ease of processing. The fillers
included glass microfibers, hollow spherical glass microparticles, carbon fibers, and glass fibers,
which were incorporated to tailor the structural and mechanical properties of the composites. The
PDMS matrix was formulated using Dow Corning® SE 1700 to balance mechanical stiffness,
flexibility, and providing a suitable base for the inclusion of reinforcing fillers. The fillers were
glass microfibers (FibreGlast®, initial length 123.1 + 92.03 pm and diameter 11.7 + 3.34 um) and
hollow spherical glass microparticles (FibreGlast®). Glass microfibers were used to improve the
tensile strength and stiffness of the PDMS matrix due to their high aspect ratio and reinforcing
capabilities. Hollow spherical glass microparticles low density and spherical shape help reduce the
composite's overall weight while providing structural reinforcement. This also enhance stiffness
without significantly increasing mass which makes it ideal for lightweight applications. The
microparticles were experimentally determined to have a density of 0.13 + 0.05 g/cm?® based on
casted composites with different particle fractions, an external diameter of 47.8 + 1.33 um by
using optical microscopy, and a wall thickness of 160 £ 99.7 nm by calculations based on the

external diameter and particle density.

Additionally, two different epoxy-based composites were fabricated using distinct reinforcing
fillers. One composite incorporated carbon fibers and glass particles where the carbon fibers
enhanced tensile and flexural strength due to their high strength-to-weight ratio. The second epoxy
composite was reinforced with glass fibers and glass particles with the glass fibers improving
stiffness and durability. In both epoxy composites, glass particles were used to further enhance
mechanical properties by creating balanced materials suitable for structural applications that

require strength, durability, and lightweight characteristics.
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3.2 DIW 3D Printing of Hybrid Composites

An extrusion-based AM method, direct ink writing (DIW) 3D printing was used to fabricate the
hybrid PDMS-based composites. To formulate the 3D printable inks, mixtures of two types of
PDMS, glass microfibers and hollow spherical particles, were used. For the matrix, PDMS from
Dow Corning® SE 1700 (1:10 crosslinker ratio) and Dow Corning® Sylgard 184 (1:10 crosslinker
ratio) were formulated at a ratio of SE1700: Sylgard 184 = 10:1.5. Volume fractions between 0
and 9% for each filler, respectively, were added to formulate different inks. The mixtures were
mixed at 1600 rpm in a vacuum for 5 min in a bladeless planetary mixer (FlackTek, SpeedMixer™,
DAC 400.2 VAC). The composite ink was then transferred into a 30 cc syringe and centrifuged at
1400 rpm for 4 min to condense the inks and remove air bubbles. The loaded syringe was mounted
on a home-built DIW 3D printer, which used a MakerGear® M2 platform and a high-precision
Nordson® Ultra™ 2800 volumetric extrusion control system. Three different nozzle sizes (400,
610, and 800 pum) were used to extrude the materials. The extrusion rate was 0.0018-0.004 cc/s,
and the printing speed was 10 mm/s. Tensile dog bone specimens with different thicknesses (0.6—
1.2 mm) and printing directions (0°, 45, and 90° against the longitudinal direction of the tensile

bars) were 3D printed. The printed composites were cured at 100 °C for 40 min.

Figure 3.1: SEM microstructure of 3D printed hybrid composites. The cross section of the tensile
tested specimen of (a) 3 vol% of fibers, 3 vol% of particles, and 0° printing direction; (b-d) 3 vol%
of fibers, 9 vol% of particles, and 0° printing direction; and (e) surface of the 3D printed hybrid
composite specimen.

Microstructures were observed under an Amscope® MU1803 optical microscope at 10x

magnification. At least 8 images of each printed specimen were taken for later use in ML studies.
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Uniaxial tensile tests were conducted in a universal testing machine (Shimadzu® AGS-X) at a
constant nominal strain rate of 0.0067 1/s. Nominal stress-strain curves were then obtained from
the force-displacement curves, and key mechanical properties, including stiffness, ultimate tensile
strength, and toughness, were calculated for later analyses. The scanning electron microscope (FEI
Quanta 200 ESEM) images of the cross section and top surface of the tensile tested specimen were

shown in Figure 3.1.%°

3.3 Taguchi Method and ANOVA

Taguchi DOE method!® was used to investigate the effect of process parameters on mechanical
properties. There were four parameters, namely the volume fraction of fibers, the volume fraction
of particles, printing direction, and nozzle size, and three levels each (Table 3.1). An L9 orthogonal
array was determined by the Taguchi method (Table 3.1-2) and 4 specimens and mechanical tests
were performed for each case. Statistical ANOVA analyzed experimental data on mechanical
properties, including stiffness, strength, and toughness, with processing parameters.t’1%
Significant tests using the F-test with a 95% confidence interval and the percentage of contribution

for each process parameter were shown in Figure 4.3.%

Table 3.1. Taguchi L9 orthogonal array design.

Exp no. Fiber Particle ‘Prin‘ting . Nozzle Tensile Stiffness
(vol%) (vol%) direction (°) | size (um) |strength (MPa)| (MPa)
1 3 3 0 400 1.65+0.36 | 1.03+£0.19
2 3 6 45 600 1.81£0.19 | 1.15+£0.07
3 3 9 90 800 1.95+0.09 | 0.89+0.06
4 6 3 45 800 2.04+£0.05 | 0.97+0.01
5 6 6 90 400 1.43£0.15 | 0.96 = 0.06
6 6 9 0 600 1.98+£0.16 | 1.87+0.26
7 9 3 90 600 2.25+0.11 | 0.99+0.07
8 9 6 0 800 2.13+0.15 [ 2.51+£0.26
9 9 9 45 400 2.43+0.49 | 1.68+£0.27
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Table 3.2. Response table for mean values identifying the affecting parameters.

Parameter Fiber (vol%) | Particle (vol%) | Printing direction | Nozzle size
Level 1 (Experiment no.) 1,2,3 1,4,7 1,6,8 1,59
Level 2 (Experiment no.) 45,6 2,58 2,49 2,6,7
Level 3 (Experiment no.) 7,8,9 3,6,9 3,5,7 3,4,8
3.4 ML Models

A ML model is a technique that identifies patterns and relationships within data by applying an
algorithm. This process allows the model to make predictions about new, unseen data with a certain
level of accuracy. ML models come in various forms, including supervised, unsupervised, and
reinforcement learning approaches. In particular. Supervised learning is widely used for datasets
that include labeled training data, which consists of input features and their corresponding target
variables. These datasets are utilized to teach the model through examples, helping it to discover
the connections and patterns between the features and variables.® Image-based ML models emerge
as a powerful extension of supervised learning techniques for visual data interpretation by applying
the foundational mechanism to this domain. There are several types of image-based ML models
representing a specialized category that focuses on the analysis and interpretation of visual data by
performing a variety of tasks, including image classification, object detection, and image
segmentation. Image-based models manage high-dimensional data, with each image pixel serving
as a unique feature. Image-based ML models are utilized to interpret and interact for recognizing
specific objects within an image, identifying distinct patterns, such as edges and shapes, classifying

images into categories, creating new images that mimic those seen during training and so on.

341 CNN

An integrated set of building blocks was used in CNN to systematically design, acquire, and extract
the knowledge of features' spatial sequence from low-level to high-level patterns by employing
backpropagation. CNN has the capability of learning and extracting meaningful features from
complex, high-dimensional images. The CNN model architecture also can identify the
microstructural features while predicting the desired output with higher accuracy without the
feature engineering that requires in other classical ML models.2?”"1% An image-driven CNN deep

learning model was used to investigate the S-P relationships. %110
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In CNN-115 we have three basic parameters weights, bias and filters. In the first step, when the
image goes through the convolution layer small filters pass through the image pixels and extract
important features from the image. The fully connected layer operates two functions on data- linear

and nonlinear transformations. The linear transformations are-
Z=WTx+b (3.3.1)

where x is the input, W is the weight and b are the bias. As the linear transformation unable to
detect complex form, the nonlinear transformation introduced to assist. In the backward
propagation model, the models update the parameters using gradient descent technique. Using the

chain rule, the change in error is calculated with respect to error which are-

0E _ 9E 90 9z,

The overall change in the error with respect to filter are-
OE _ 0E 00 0Z; 94y 97y (3.3.3)

f 80 9Z, A, 9Z, Of

The error evolved during each step/ layer. In each iteration, we can update our filter matrix using

these equations-
f=f-lr=3 (3.3.4)

Where, parameter represents by f, learning rate by Ir and gradient of parameter by Z—i . This step

is repeated throughout the iteration of CNN.

In our models, five convolutional layers were used with 256, 128, 64, 32, and 16 numbers of
channels/filters and (3,3) kernel/filter size with the same padding. The max pooling layer had a
(2,2) filter size. A rectified linear unit (ReLU) was used as an activation function for all
convolutional and fully connected layers. The nonlinear transformation ReLU function of f(x)=
max (0, x) was used. After the convolutional layer, the data set was flattened and used in a single
fully connected layer with 256 neurons. The output size was 1 with an input shape of (128,128,3).
For training, mean square error (MSE) was used as a loss function and “adam” optimizer,!*° which

was the extension of stochastic gradient descent to update the learning rate of each network's
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weight. To avoid overfitting, an early stopping method is used with the patience of the early
stopping in 3 epochs to terminate the training after 3 epochs when the model performance has not
improved. Here, validation loss was used as a monitor with a mode minimum to minimize the loss.
To train the model, 100 epochs were utilized with 16 batch sizes. The whole dataset was split into
three sets- training to fit the parameters to the model, validation to tune hyperparameters & validate
the fitted model, and testing the dataset to validate the final model for unbiased evaluation. The
total datasets were split into 85:15% for training and remaining, and the remaining datasets were
divided into 85:15% for validation and testing.

By grid searching, the model was tuned using hyperparameters of the CNN, where the
convolutional layers were varied. In the convolutional layer, the variation of the number of filters
was 512 to 16; filter/kernel size was 5 to 3. The filter size of the max-pooling layer was also
changed from (4,4) to (2,2). The epoch was also tuned from 50 to 100 with 8 to 16 batch sizes.
The model performance was validated based on the MSE. For the same 9 cases used in the Taguchi
method and theoretical model, 77 samples were prepared, and each case had 8-9 samples. Each
sample has 8 microstructure images taken uniformly distributed within the test areas. As a result,
a total of 616 microstructural data as an input, along with the mechanical properties as an output,

were used in the CNN model.?®
3.4.2 cGAN

GAN are a type of image-based DL model designed to generate artificial images that mimic real
images from training datasets. These networks aim to learn the latent distribution of high-
dimensional data through a setup involving two adversarial models: the Generator and the
Discriminator. The Generator's primary role is to produce artificial images so closely resembling
real images that they are indistinguishable, while the Discriminator's goal is to identify these
synthetic images.*'®!” The training process is iterative and concludes when the Discriminator can
no longer differentiate between synthetic and real images. At that point, the Discriminator is
discarded, and the Generator is preserved for the task of reconstructing synthetic images.!®
Conditional GAN build upon this framework by enabling the Generator to create images based on
specific conditions or attributes, further enhancing the versatility of GAN in generating targeted
synthetic images.'® In a cGAN model, the model is conditioned using both input features (x) and

label (y) which are fed into both the generator (G) and discriminator (D), with y being used as an
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additional input layer. Initially, the generator creates a prior input noise of P,(z). Later, this input
noise is updated to incorporate a joint hidden representation of (x) and (y) during training. The
objective function of the cGAN framework aims to minimize the loss function of the generator
model and maximize the loss function of the discriminator model. The min-max objective

functions are defined as: 116118
min max Legan (G, D) = Ex-pyqeq10gDEINI + Ex-pyn|log(1 - DG ly))] - (3:3.0)

Here, P,,:qare the distribution of real images and z is input parameter given to the generator.

In this work, we utilize a deep learning architecture, specifically a conditional Generative
Adversarial Network (cGAN), to capture the intricate relationships between microstructure
patterns and the mechanical properties of hybrid composite materials.*'® The input to the model
includes mechanical properties such as stress-strain sequences, while the output is the generated
microstructures that correspond to these properties. The model is trained on a dataset containing
force-displacement data from composite structure simulations, which is essential in learning the
correlations and predicting custom microstructure designs based on specific mechanical

properties.

The model leverages a combination of deep learning and transfer learning techniques to generate
microstructures with varying mechanical properties. Here, we combine long short term memory
(LSTM) layers in a unique way within both the generator and discriminator to understand and use
the sequencing patterns in strain-stress data. Mainly, the model uses a cGAN, where the generator
synthesizes microstructure images from a combination of latent space vectors and encoded strain-
stress sequences. The discriminator assesses these generated images against real ones to ensure
their authenticity, utilizing adversarial training with Wasserstein GAN and Gradient Penalty

(WGAN-GP) for improved stability and more accurate synthesis.

The generator architecture starts with an LSTM sequence encoder that captures temporal
dependencies in the input strain-stress data with a sequence length of 99. LSTM encoder has four
layers, each with 256 hidden units, and employs a dropout rate of 0.2 to prevent overfitting. The
encoded sequence is then concatenated with a random latent vector of size 128 via a fully

connected layer that outputs a feature map of size 512 by 8 by 8. From this point, a series of four
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transposed convolutional layers progressively expanded the feature map to generate high-
resolution images of size 128 by 128. The first transposed convolution layer takes the 512-channel
input and produces 256 channels, with a kernel size of 4, a stride of 2, and padding of 1, resulting
in an output of 256 by 16 by 16. The next layer further reduces the channels to 128, keeping the
same kernel size, stride, and padding, and producing an output of 128 by 32 by 32. The third
transposed convolution layer reduces the channels to 64 with the same settings, producing an
output of 64 by 64 by 64. Finally, the last layer outputs a three-channel RGB image with a size of
128 by 128.

Generator Sequential Input
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Figure 3.2: Framework of cGAN model generator and discriminator networks.

The discriminator takes both real or generated microstructure images and encoded strain-stress
sequences as input. Similar to the generator, the strain-stress sequences are processed through an
LSTM sequence encoder with four layers and 256 hidden units. The discriminator uses five
convolutional layers to downscale the input image, while simultaneously incorporating the
encoded sequence at each layer. The first convolutional layer takes the 3-channel image and
concatenates it with the 256-channel encoded sequence, producing a 64-channel output with a

kernel size of 4, a stride of 2, and padding of 1, resulting in an output size of 64 by 64 by 64. The
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second convolutional layer further reduces the channels to 128 using the same settings and
produces an output of 128 by 32 by 32. The third layer reduces the channels to 256, producing an
output of 256 by 16 by 16, and the fourth layer reduces the channels to 512, outputting 512 by 8
by 8. Finally, the last convolutional layer outputs a single scalar value that represents the
authenticity of the image.

Both the generator and the discriminator are trained using adversarial loss, specifically based on
the Wasserstein loss function. The generator's objective is to minimize the loss by creating realistic
images that deceive the discriminator, while the discriminator maximizes the distance between
real and fake images. To stabilize training, a gradient penalty is applied to the discriminator,
promoting smooth gradients in the loss function and preventing issues like mode collapse. To
further stabilize training, we use Agp = 10 for the gradient penalty, and critic update frequency =5
to update the discriminator five times for each generator update. The training is performed over a
batch size of 32, with an initial learning rate of 0.0001, and the Adam optimizer with f1= 0 and
B2= 0.9 is used for optimization. To reduce overfitting and improve the model's generalization and
performance, the cGAN model was trained for 500 epochs with early stopping criteria based on

validation metrics, to prevent overfitting ensuring sufficient convergence and generation quality.

To evaluate the quality of the generated images, we compute the Fréchet Inception Distance (FID),
which compares the distributions of real and generated images. A simple CNN-based feature
extractor is used to extract features from both sets of images. This CNN consists of three
convolutional layers. The first layer takes the 3-channel input and produces 64 channels with a
kernel size of 3, a stride of 1, and padding of 1, resulting in an output of 64 by 128 by 128. The
second layer reduces the channels to 128, keeping the same kernel size, stride, and padding, and
produces an output of 128 by 128 by 128. The third layer reduces the channels to 256, with the
same settings, producing an output of 256 by 128 by 128. The feature vector from the third layer
is then passed through a fully connected layer, and the FID score is calculated by comparing the

means and covariances of these feature vectors between real and generated images.

During the training process, the generator synthesizes microstructure images by reconstructed the
encoded strain-stress sequences and latent vectors, while the discriminator evaluates these images
by comparing them to real samples. For every update of the generator, the discriminator is updated

multiple times, following the WGAN-GP framework. After each epoch, the model's performance
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is validated using the FID score, and the model is saved if improvements are observed in the quality
of the generated images.

A total of 8,054 cases were simulated and used to train, validate, and test the model. The dataset
was split using a 70:30 rule. Specifically, 70% of the data (5,637 cases) was allocated for training
the model so that the model could learn the patterns and relationships. The remaining 30% (2,417
cases) was further divided equally: 15% of the total dataset (1,208 cases) was used as validation
during training for continuous performance monitoring without introducing bias, and the
remaining 15% (1,209 cases) was reserved for final testing. Testing set provided an unbiased
evaluation of the model’s performance after the training phase to ensure generalization on unseen
data. A high-performance computing (HPC) cluster with GPU resources was used to train the
customized cGAN-LSTM model. Each job was allocated one GPU within the GPU partition and
8 GB of memory to optimize processing time for all computational experiments. The total training

time was 3 hours and 32 minutes.
3.4.3 Transfer learning models for simulated datasets

In this study, we employed a transfer learning approach to enhance the model's ability to generate
tailored microstructures for a range of material properties, including both flexible and rigid
materials. Fine-tuning the pretrained model on these distinct material types led to the creation of
high-quality microstructures that closely match the mechanical traits of the new dataset. As a
result, the model gained the ability to generalize across a broader spectrum of materials through
this transfer learning approach. The core architecture of the pretrained model consisted of a cGAN,
with a generator and discriminator, which were retained to maintain compatibility with the
pretrained weights. This process allowed us to leverage the knowledge acquired during the pre-
training phase, which was originally focused on flexible materials, and adapt the model to handle

new material types through fine-tuning.

The transfer learning process involved initializing the model with the pre-trained weights and fine-
tuning it on a new, more diverse dataset. During this fine-tuning phase, key hyperparameters were
carefully selected to allow for effective adaptation without destabilizing the model. A lower
learning rate of 0.00001 was utilized to ensure subtle updates to the pre-trained weights, while the

Adam optimizer with f1= 0 and B2= 0.9 was employed to maintain stable and consistent gradient
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updates. The latent dimension (128) and batch size (28) from the original model were preserved
to maintain continuity in the generative process. Additionally, a gradient penalty term Agp = 10 was
applied to ensure smooth training and prevent gradient instability in the adversarial setting of the
GAN. The model was trained over 500 epochs, with early stopping criteria based on validation
metrics, including the Fréchet Inception Distance (FID) score, to prevent overfitting and capture
the best performance.

In the transfer learning model, two distinct datasets were employed: epoxy-carbon fiber-glass
particle composite and epoxy-glass fiber-glass particle composite. These datasets were used to
train and fine-tune the model for improved performance. This dataset contained similar structural
features and sizes as the pre-trained model’s dataset. For the epoxy-carbon fiber-glass particle
composite, a total of 1,504 cases were simulated. This dataset was split according to an 80:20 ratio.
Specifically, 80% of the data (1,203 cases) was used for training the model with training time 1
hour 42 minutes. The remaining 20% (301 cases) was divided into two parts: 10% of the total
dataset (150 cases) for validation to obtain real-time feedback of the model's progress during
training, and the final 10% (151 cases) for testing the model's performance on unseen data. For the
epoxy-glass fiber-glass particle composite, a slightly larger dataset of 1,528 cases was simulated
to fine-tune the model. Similarly, the dataset was split using the same 80:20 ratio. Out of the total,
80% (1,222 cases) was allocated for training (training time lhour 43 minutes), 10% (153 cases)

for validation, and the remaining 10% (153 cases) for testing.
3.4.4 Transfer learning models for experimental datasets

In this work, we implemented a transfer learning framework for fine-tuning a cGAN model
incorporating domain-specific loss functions to improve the generator's ability to produce tailored
microstructures for real-life experimental mechanical properties. For better generalization, we
integrated the fine-tuned model with the pretrained model’s core architecture, which includes a
sequence-conditioned generator and discriminator, preserving the pretrained weights while also
updating the base model architecture to address real-life experimental cases. This transfer learning
approach allowed us to harness the knowledge from pretrained model on specific microstructure
patterns, adapting the model to new datasets through targeted fine-tuning. In this stage, we utilized

a transfer learning model where both the model hyperparameters and architecture were updated to
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optimize performance. Additionally, we incorporated domain-specific loss functions to ensure the
generated microstructures closely align with the experimental properties.

The core architecture of this model consists of a simple CNN-based feature extractor, a generator
conditioned on both strain-stress sequences and latent noise, and a discriminator responsible for
evaluating the realism of the generated images. The fine-tuning process begins by freezing certain
layers of the pretrained models and gradually unfreezing them by leveraging knowledge from the
pretrained model while adapting the network to new material properties. To control the training
process and optimize model performance, we utilized several hyperparameters, including the latent
noise vector, sequence length, and image size. The latent noise vector was set to 128 providing
input to the generator. The sequence length was set to 99 representing the length of the input strain-
stress data and later the LSTM-based encoder processed to generate the latent representation. We
fixed the image size at 128x128 pixels to maintain uniformity between the input, output, and
evaluation images. The number of image channels was 3 which corresponds to RGB images. We
set the batch size to 32 where it allows 32 samples to be processed in each training iteration for
balancing computational efficiency and model performance. The number of epochs was set to 500
where the model passed through the entire training dataset 500 iteration to improve learning. We
set the learning rate at 0.0005 for both the generator and discriminator to control the step size for
updating model weights during training. The Adam optimizer used momentum parameters, with
B1 set to 0.0 and B2 set to 0.9 to stabilize training by controlling the moving averages of the
gradients. To enforce the Lipschitz constraint required for Wasserstein loss with Gradient Penalty,
we applied a gradient penalty coefficient Agp = of 10, ensuring smooth gradient behavior and stable
convergence. Additionally, the discriminator was updated five times for each generator update to

balance the training dynamics between the two networks.

For fine-tuning, we introduced updated layers for both the Generator and Discriminator models to
adapt to the new dataset while retaining the knowledge from the pretrained models. Initially, the
original layers were frozen to preserve the patterns learned during pretraining. Three new layers
were added to both the Generator and Discriminator to enhance their capacity for generating and
evaluating more complex microstructures. In the Generator, the additional convolutional and up
sampling layers helped to produce higher-resolution outputs and gradually unfreezing the original

layers allowed the model to better adapt to the new data. Similarly, the Discriminator received new
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convolutional layers to improve its ability to distinguish between real and generated images. To
further enhance this process, we employed multiple loss functions to guide the training process.
The adversarial loss from Wasserstein loss with Gradient Penalty was used similar to the pretrained
model to ensure the generator produced images indistinguishable from real ones, while the
discriminator learned to differentiate between them. Additionally, we also incorporated
microstructure loss to fine tuning model for comparing the particle statistics, such as size and
count, between real and generated images to capture the physical characteristics of
microstructures. The SSIM loss also added to measure the structural similarity between real and
generated images for improving the visual quality of the generated microstructures. Lastly, the
feature matching loss was applied to align feature distributions between real and generated images
by comparing intermediate layers in the discriminator to resemble at pixel level as well as in terms

of abstract features. So, the customized generator loss function -

LtGOtal = _E[D (xgen' S)] + Amicro [MSE(.Ugen: .ureal) + 0.5 MSE(Ugen' Ureal) +
0.5 RELU(itgen — treat) + 03 RELU (Rreqr — Nigen) + 0.2 MSE (Igen, Ireat)| +

Assim (1 — SSIM (xreall xgen) ) + Afm Zi MSE(.Ureal,i' .ugen,i) (3-4-1)

where, D represents the discriminator and x,4., = G(s, z) to generate image using the z noise
vector and stress-strain sequence input s to the generator. ., and o, are the mean and standard
deviation of the particle sizes in generated images, and i,..q; and o,.4; are the corresponding
values for real images. ng, and n,.,,; are the number of particles in the generated and real images,
respectively. Also, 1., and I,..,,are the mean intensities of the generated and real images. pi,¢q,;
and ugen ; are the mean feature maps of real and fake images at layer i in the discriminator. Lastly,
Amicros Assim @nd Agp, are the weight of microstructure, SSIM, and feature matching losses,

respectively.

In this transfer learning model applied to an experimental dataset, we used four combinations of
datasets: 3D printed PDMS-glass fiber-glass particle hybrid composite, 3D printed PDMS-glass
particle composite, casted PDMS-glass fiber-glass particle hybrid composite, and casted PDMS-
glass particle composite. These experimental datasets were utilized for fine-tuning the model to

generate microstructures that mimic the experimental conditions. We combined all four datasets,

26



resulting in a total of 1,846 cases, each consisting of microstructure images and corresponding
stress-strain data points. The dataset was split in an 80:20 ratio, with 80% (1,476 cases) used for
training the model to learn structural characteristics conditioned on mechanical properties. The
total training time was 57 minutes. The remaining 20% (369 cases) was further divided: 10% of
the total dataset (185 cases) was used for validation to provide real-time feedback during training,
and the final 10% (184 cases) was reserved for testing the model's performance on unseen data.
Unlike previous transfer learning models based on simulated data, this model includes two
different structural combinations. The hybrid composite contains cylindrical-shaped fibers and
hollow circular particles, which are similar to the structures in the pretrained model, while the

single fiber composite contains only hollow circular particles without cylindrical fibers.
3.5 FEA

To design microstructures with tailored full-range stress-strain curves, an Al-driven framework
was used to address inverse S-P relationships. Since these frameworks rely on datasets, FEA
simulations were conducted on defined composites to generate the data for the Al models. FE
models were designed using Abaqus/CAE Standard/Explicit (Abaqus® v2023) to simulate the
hybrid composites’ mechanical characteristics. A two-dimensional finite element (FE) model of a
hybrid composite material was developed, where the representative composite structure features a
polydimethylsiloxane (PDMS) matrix measuring 0.4 mm x 0.6 mm (element type: CPE4R).
Embedded within this matrix are reinforcing glass fibers, with lengths varying from 0.215 mm to
0.031 mm and a width of 0.015 mm, modeled using element type CPE3. Additionally, the
composite contains glass particle fillers, with radii ranging from 0.049 mm to 0.02 mm, also
represented by element type CPE3. This model enables a detailed analysis of the composite's
mechanical behavior and interaction between the PDMS matrix and the glass-based
reinforcements. To cover a broad dataset, the microstructure design parameters, including glass
fiber length, width, fiber orientation, fiber spacing, volume fraction of fibers, glass particle radius,
volume fraction of particles, particle spacing, and mesh sizes, were varied during simulations. The
composite models were meshed using equal interval fine size control with a 2D solid quadrilateral
free mesh due to the complexity of the structure. The final mesh sizes were set to 0.005 mm for
the particles, 0.01 mm for the matrix, and 0.02 mm for the fibers in the composite model. The

mesh convergence check was performed with five mesh sizes differing by around 2 times in
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sequence, namely 0.0025, 0.005, 0.01, 0.02, and 0.04 mm. For the uniaxial tension test simulations,
a 2.5 mm displacement was applied on the top surface. The bottom plate was constrained in the y-
direction to prevent vertical movement. A reference point was also created on the bottom plate

where fixed x- and y-displacement boundary conditions were applied.

Additionally, 2D solid models of the epoxy-carbon fiber-glass particle and epoxy-glass fiber-glass
particle hybrid composites were developed in FEA. In these models, the epoxy matrix dimensions
were 0.4 mm x 0.6 mm with an element type of CPE4R, and the carbon fibers had lengths ranging
from 0.05 mm to 0.2 mm and a width of 0.01 mm, with an element type of CPE3. Both models
shared identical meshing and boundary conditions as the previously described PDMS-glass fiber-
glass particle hybrid composites. For the uniaxial tensile simulations, a displacement of 0.3 mm
was applied on the top surface to evaluate the failure criteria.

3.5.1 Material Properties

The matrix of the composites, PDMS, was defined as a 2D deformable solid using a hyper-elastic
model in Abaqus. The Neo-Hookean model were utilized to represent the realistic hyperelastic/
rubber-like behavior of the matrix and its strain energy potential U in polynomial form!® was

applied.
U= SNjmt Cy (=3 =3) + 5 U = 1)? (34.0)

For the first-order Neo-Hookean form of the strain energy potential*?® (N=1), the stain energy

potential reduces to
U= Cio(=3) + 5 U= 1)? (34.2)

where J,; represents the elastic volume ratio; I; and I, represents the first and second invariants
of the distortion in the material; and N represents the order of the function. The C;; define the shear
behavior of the material, and the D, introduce compressibility. Based on previous experimental
data, the key values of the shear behavior C,, are 0.16 and compressibility, D, of the material are
0.585 MPa. 12012t
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To define the failure characteristics of the matrix in the model, a tabular input of artificial plasticity
and a failure drop of stress were determined based on the pseudo plasticity characteristics and
back-propagation of experimental composite properties so that the FEA would terminate when the
composites reached this failure stress to replicate the real failure in the experiments.’?%12 The
stress-strain relationship of PDMS was shown in Figure 3.3(a).

In the FEA model, the epoxy matrix was assigned a Young’s Modulus of 1580 MPa and a
Poisson’s ratio of 0.2.122 To mimic the nonlinear mechanical responses and failure of the epoxy,
a tabular artificial plastic strains and stresses were defined in the Abaqus to achieve a stress-strain
relationship as shown in Figure 3.3(b). The FE models were created for glass fibers as 2D
cylindrical deformable solids. Glass fiber properties were defined with a Young’s Modulus of 60
GPa and Poisson’s ratio of 0.3 for glass fiber. The carbon fiber properties were characterized by a
Young’s Modulus of 890 MPa and a Poisson’s ratio of 0.2.122 Glass particles were modeled as 2D

circular deformable solids with a Young’s modulus of 50 GPa and a Poisson’s ratio of 0.45.
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Figure 3.3: Stress-strain curve of simulated and experimental (a) pure PDMS and (b) pure epoxy
materials.

For each simulation, the orientation of the glass fiber was varied at angles of 0°, 30°, 45°, 90°, and
randomly. The volume fraction of glass fiber and glass particles also varied independently between
0 and 18 vol% for each type of filler. The carbon fiber orientation was varied among 0°, 45°, and
90°. The volume fractions of carbon fiber and glass particles were adjusted for each simulation,
with carbon fiber ranging from 3%, 5%, 6%, 8%, 10%, to 12%, and glass particles from 3%, 6%,
9%, 12%, 15%, to 18%. Finally, the composite microstructure with corresponding force-
displacement information was extracted after processing the simulation to investigate the

mechanical properties further.
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CHAPTER 4
CHARACTERIZATION OF HYBRID COMPOSITES S-P RELATIONSHIPS

4.1 Introduction

The advancement of 3D printing technology has revolutionized the creation and optimization of
composite materials by enabling precise tailoring of their microstructures with enhanced
mechanical properties like stiffness, toughness, and fatigue resistance. Achieving the desired
mechanical properties is enabled by controlling the manufacturing processes which influences the
geometry, density, and strength of fillers and matrices, along with their spatial distribution,
orientation, and alignment. Furthermore, employing image-driven ML algorithms such as CNN
proves beneficial in analyzing and predicting the behavior of these composites providing a deeper
insight into their properties and performance. The current goal is to implement the CNN-based
ML model to predict the mechanical properties from the experimental microstructure data, where
it can effectively correlate the S-P relationships based on the local analysis of image features.

Here, we developed a composite mechanics model and an image-driven DL model to predict
mechanical performances and understand the P-S-P relationships. Different from conventional
statistical approaches, we utilized experimental microstructure data in the ML model to forecast
the factual mechanical characteristics of the composite by taking into account local defects,
texture, and other deviations affecting the properties. In this work, we 3D-printed a series of
lightweight hybrid composites. The heterogeneously structured composites were formulated with
soft hyper elastic polydimethylsiloxane (PDMS) as matrix and hybrid fillers of glass microfibers
and hollow thin shell microparticles. The composites were 3D printed using an extrusion-based
direct ink writing (DIW) method. Combining the hybrid fillers was simple yet efficient, providing
us composite design freedom with density and mechanical properties varying nearly two-fold
quickly. To understand the relationships between process parameters and mechanical properties,
we conducted the Taguchi method and statistical analysis on the ink compositions, 3D printing
parameters, and the resulting experimental tensile testing data to identify the significant parameters
for mechanical strength and stiffness. A theoretical mechanics model for the hybrid composites
was developed based on a Weibull analysis that combined multiple classical single-filler
composite models, incorporating the fraction and spatial information of the fillers and the failure

criteria for the hybrid composites. Distinguishing from the conventional approach, we used an
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image-driven CNN method to capture the microstructural details directly from optical microscopy
images and predict the critical mechanical properties. The image-driven model outperformed our

statistical and theoretical analysis compared with experimental data.?®

4.2 Results & Discussion

The overview of this study is illustrated in Figure 4.1. Our work includes three parts, specifically
(i) conventional statistical analysis using Taguchi and ANOVA, (ii) development of a hybrid
theoretical mechanics model, and (iii) establishment of image-driven ML models. In the
conventional statistical approach, we used the Taguchi method to optimize the number of
experimental cases and ANOVA to quantify the contribution of several process parameters to the
mechanical properties (Figure 4.1 (a)). Following that, a theoretical model for our hybrid
composites was developed based on classical single-filler composites and Weibull distribution
function (Figure 4.1 (b)). The mechanical behavior was explicitly correlated with the statistical
structural parameters in this model. Finally, an image-driven CNN ML model was implemented
to analyze the relationships between microstructures and mechanical properties to provide more

accurate predictions for the 3D-printed hybrid composites (Figure 4.1 (c)).2°
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Figure 4.1: An overview of the framework in this study for the 3D printed hybrid composites
investigation. This framework includes (a) conventional statistical approaches to the design of
experiments to quantify the effect of manufacturing process variables on mechanical properties,

(b) a hybrid mechanical model, and (c) an image-driven ML model to capture (d) the experimental
mechanical behaviors.
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Figure 4.2: (a) 3D printing of hybrid composites into a tensile specimen using the DIW method,
(b) fillers in the printed composites, including glass microfibers and glass thin-shell spherical
particles, (c) 3D printed tensile specimens with 0° and 90° printing directions, (d) microstructures
of 3D printed hybrid composites with 0°, 45° and 90° printing directions along with their color
definition, and (e) the nominal density range of the hybrid composites via the combination of fillers
at different volume fractions, where lines are the theoretical calculations and dots are 3D printed
experimental validations.

To fabricate the hybrid composites, we used the DIW method, which was a material extrusion-
based additive manufacturing technique, to 3D print specimens of various ink formulas and
printing directions (Figure 4.2 (a)). The fillers used in this study are shown in Figure 4.2 (b), where
the dimensions of the glass microfibers before mixing are 123.1+92.03 um in length and 11.7+3.34
pm in diameter and the particle sizes are 47.8+1.33 um in diameter with a shell thickness of
160£99.7 nm. The DIW method harnessed the rheological properties of the composite inks,
specifically shear thinning and yielding (Fig. B.1 in Appendix B), to ensure smooth extrusion and
retain shapes after printing.3%2* More importantly, the shear effect between ink flow and the
nozzle walls results in the alignment of the fillers along the printing direction.312412° By simply
controlling the printing path direction (Figure 4.2 (c)), different orientations of microfibers in
composites could be achieved, as shown in Figure 4.2 (d). The geometric anisotropy of the
microfibers would lead to mechanical enhancement and anisotropic responses for the composites.
At the same time, the hollow spherical glass particles could provide local strength enhancement
and enable the design freedom for desired nominal density of the hybrid composites. By tuning

the volume fractions of the hybrid fillers, Figure 4.2 (e) shows the design space of the theoretical
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composite density (lines) and experimental validations of 3D printed samples (dots). Due to the
low nominal density of 0.13 g/cm? of the thin-shell particles, the density of the hybrid composites
could vary more than 70%, potentially enabling lightweight applications like energy absorption
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Figure 4.3: The effect of process parameters on the mechanical properties of hybrid composites.
(a) Percentages of contribution and (b) Taguchi analysis for process parameters on specific
stiffness, (c) percentages of contribution, and (d) Taguchi analysis for specific strength at different
levels of process parameters.

To understand the correlations between the process parameters and mechanical properties, we first
utilized the statistical Taguchi analysis and ANOVA. Tensile specimens were 3D printed in 9 cases
with printing conditions listed in the Taguchi orthogonal array (Table 3.2 ) and were used to collect
mechanical properties from tensile tests. Figure 4.3 illustrates the ANOVA results of the
contribution percentages of four process parameters and specific stiffness and strength at different
levels of these parameters. For stiffness, the printing direction had the highest percentage of

contribution (45.3%) compared to the other three parameters (Figure 4.3 (a)). In addition, the
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stiffness for each level of process parameter was calculated using the Taguchi table (Table 3.1) in
Figure 4.3 (b). For printing direction, the stiffness was increasing 91.1% from level 3 to level 1,
where the level 3 represents the printing direction of 90°, and level 1 represents 0°. The stiffness
changes for the fiber volume fraction from level 1 to level 3 significantly increased by 64.3%,
where level 1 represents 3 vol% of fiber and level 3 represents 9 vol%. For the volume fraction of
particles, the stiffness improved by 55.9% from level 1 to level 3, representing the 3 and 9 vol%
of particles.

Figure 4.3 (c) illustrates the percentage of the contribution of each process parameter to the
strength properties. And the tensile strength for each level of process parameters is visualized in
Figure 4.3 (d) using the Taguchi table (Table 3.1). For the volume fraction of fibers, the average
strength increased by 23.1% from level 1 (3 vol% fibers) to level 3 (9 vol% fibers). The average
strength increased by 12.13% for the increasing volume fraction of particles from 3 to 9 vol%. The
changes in strength and stiffness for nozzle sizes were determined as insignificant via an F-test
(Table B.1 and B.2 in Appendix B). The volume fraction of fibers dominated the percentage of
contribution (57.64%) to the strength of the 3D printed hybrid composites.
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Figure 4.4: Comparison of theoretical models with experimental data for single-filler composites.
The specific strength of (a) glass particle reinforced composites for different volume fractions of
particles using three different mechanics models and experimental data, and (b) glass fiber
reinforced composites for different volume fractions of fibers with longitudinal (L) and transverse
(T) fiber orientations using Halpin-Tsai fiber model and experimental data.

To further quantify the P-S-P relationships, we developed a theoretical mechanical model to

establish the properties based on the process parameters explicitly. Before getting the model for
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hybrid composites, we performed experimental validations on selecting multiple classical
analytical models for single-filler composites (Appendix A). For the particle models, we used rigid
inclusion, Mori-Tanaka, and Halpin-Tsai mechanics models based on Eq. (A.3), (A.4), and (A.5),
respectively.*1126-129 For the fiber models, we applied the rule of mixture, the Halpin-Tsai model,
and the Tsai-Hill criterion to consider different fiber dimensions and orientations using Eq.
(A.6).47130-132 In Figure 4.4 (a), we observed that the Mori-Tanaka particle model depicted an
upper bound, and the Halpin-Tsai particle model was the lower bound.*?81% The rigid inclusion
model aligned well with the experimental specific strength data, which increased linearly with
particle volume fraction. For fiber-reinforced composites (Figure 4.4 (b)), the composites with
transversely oriented fibers had less specific strength than the longitudinal ones. For all the cases,
the specific strength depended mainly on the fiber sizes, which were highly correlated with the
volume fraction of fiber®* and the Halpin-Tsai and Tsai-Hill criteria fitted well with our
experimental data.

We developed a mechanics model for 3D printed composites with hybrid fillers based on the
single-filler composite models. A Weibull probability density function was used to incorporate the

effect of microfibers and spherical particles on the specific strength.!33

Oc = 0c Pep + 0c,Fp (4.2.1)
with
(e \™
Pr=1+ e< ’Cr<"crf> > (4.2.2)
and
Oc, \ M2
Py=1+ e<_("c:;) ) (4.2.3)

where o, ; is the strength of fiber composite, Oc, is the strength of particle composite, and | is the
length of the fiber. o.,; and o,,, are the critical strength of fiber-matrix and particle-matrix
interfaces, and I, is the critical length of fiber associated with the critical strength o,... The key
parameters to calculate the stress for hybrid models in Eq. (4.2.1) are the critical strengths of the

filler-matrix interface, the critical length of fibers, and the variable m, and m, calculated using
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the weight function.’3* The strength of fiber and particle were calculated using the Mori-Tanaka
and the Halpin-Tsai models combined with Tsai-Hill criterion formulas (Eq. (A.4) and (A.6)),
respectively. The detailed derivation of the hybrid model is in Appendix A.3.

Based on the hybrid model of Eq. (4.2.1), the specific strength of the composites was determined
and compared with the experimental results shown in Figure 4.5. Figure 4.5 (a) and 4.5 (b) depict
that the hybrid model captured the overall trend in the different cases, but with a propensity to
overestimate the experimental results. The overestimation in the hybrid model is because the
statistical method disregards the structural details and has idealized assumptions without making
allowances for experimental uncertainties, such as voids, geometric imperfection, and filament

waviness during 3D printing.?

To address the challenges above and provide better predictions, we harnessed a predictive image-
driven CNN ML model to directly predict the critical mechanical properties using the
microstructure of the hybrid composites. Using CNN, we predicted the hybrid composites'
stiffness, strength, and toughness from the composite’s microstructures shown in Figure 4.6. The
microstructural data contained detailed information, like volume fraction of fillers, shape, and sizes
of fillers, geometric imperfections, inter-filament gaps, etc., to correlate with the mechanical

properties, allowing the ML model to provide better predictions with higher accuracy.
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Figure 4.5: (a) A comparison between the hybrid mechanics model, the experimental data, and the
ML model prediction results of the specific strength of the hybrid composites, and (b) an Ashby
plot of ML model predictions and the hybrid mechanics model of specific strength against
experimental data.
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Figure 4.5 (a) compares the experimental data, hybrid mechanical model results, and the CNN
prediction results of specific strength. The ML prediction data showed close values against the
experimental data. Error bars were associated with ML results since the specimens in each case
(8-9 specimens in each case) had different local microstructures, which were fully considered in
the ML model rather than being ignored or summarized in a statistical way as in the theoretical
models. Rather than collecting an extensive dataset, our ML model required a minimal dataset of
616 images from 77 specimens for training. This saved much experimental effort and resulted in
much higher accuracy. In Figure 4.5 (b), an Ashby plot compares the theoretical model and ML
model results of the mechanical strength of the hybrid composite to the experimental results. The
error represents the waviness of the filament surface during 3D printing, which can be quantified
through statistical measurement. The waviness is caused by variations in microstructure,

processing conditions, and material composition. The error is defined in Eq. (4.2.4).1%
Op = Opxp(1 + 6€2) (4.2.4)

Here, e is the experimental error, o,,, and o, is the experimental strength and strength caused by
the experimental waviness. In Figure 4.5 (b), the red straight line indicates a perfect prediction
with 0% experimental error, whereas 10% and 15% error represents the 10% and 15%
experimental error due to the waviness. However, as expected, the waviness error is associated
with statistical measurements and cannot explicitly define the local uncertainties. The theoretical
model overestimated the strength, whereas the ML model data showed more accurate results with

a Pearson’s correlation coefficient 37.5% higher and a root mean square error (RMSE) 48.6%

lower.
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Figure 4.6: Incorporating image-based convolutional neural networks in the prediction of the (a)
stiffness, (b) strength, and (c) toughness properties of the 3D printed hybrid composites.
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Two demonstrations of impact and drop tests using the 3D printed hybrid composites and pure
PDMS are shown in Figure 4.7. Both materials were 3D printed into a film shape with identical
weights. Our drop tests used a dropping weight (5 Ibs.) from the same height (7.62 cm) onto a
plastic ‘egg’ sandwiched by hybrid composites and pure PDMS, respectively. The pure PDMS-
protected eggs were broken into pieces (Figure 4.7 (b)). In contrast, the hybrid composite protected
eggs had minimal damage on the top (Figure 4.7 (a)). In the impact test demonstrations, a high-
speed rubber bullet hit the center of a thin rectangular plate of pure PDMS or hybrid composite at
a constant speed of 1.43 m/s. The impact resulted in a deformation of the pure PDMS film of 6.9
mm, which was 62.7% larger than the hybrid composite film (4.24 mm), as shown in Figure 4.7
(c)-(d). Both demonstrations showed the advantages of mechanical efficiency in energy absorption
and deformation rigidity for our 3D-printed hybrid composites.

(a)

Composites Pure PDMS
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Figure 4.7: Demonstrations of dropping tests using (a) the 3D printed lightweight hybrid
composites and (b) pure PDMS films in protecting a plastic egg, and impact tests using (c) the
hybrid composites and (d) pure PDMS films with identical weights.
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4.3 Conclusions

We have developed 3D printable lightweight hybrid composites and investigated their P-S-P
relationships using conventional statistical approaches, theoretical modeling, and an image-driven
CNN method. The hybrid fillers of solid micro fillers and hollow particles provided greater degree
of freedom in structural designs with reduced density and increased properties. Our statistical
analysis determined the dominant parameters as the printing direction (contribution percentage of
45.3%) and the volume fraction of fibers (contribution percentage of 57.7%) on the specific
stiffness and strength, respectively. A hybrid mechanics model was developed in this study,
harnessing a simple Weibull distribution function and classical single-filler models. This model
could effectively capture the trend of the mechanical properties in different conditions but
overestimated experimental results in general because the experimental local uncertainty was not
considered in the model. The image-driven ML model predicted more accurate results with 48.6%
lower RMSE than the hybrid theoretical model.
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CHAPTER 5
DEVELOPMENT OF MICROSTRUCTURAL DESIGN OF HYBRID COMPOSITES

5.1 Introduction

Investigating inverse S-P relationships in lightweight hybrid composites is crucial for designing
customized products by focusing on microstructure manipulation to optimize mechanical
properties like strength and ductility. However, achieving these tailor-made properties presents
challenges like poor interfacial bonding, filler agglomeration, and complicacy of other additive
manufacturing variables. To address these issues, computational models and artificial intelligence
offer promising solutions by modeling complex relationships between material structure and
properties. DL, through neural networks, and computational methods like the FE method enable
detailed analysis and prediction of material behavior under various conditions leading to optimized
designs. Though gaps remain in inverse design and data availability for microstructures and their
associated properties, the use of experimental characterization, along with computational and data-

driven models, will provide substantial support in understanding these relationships.

This study introduces a novel computational framework that integrates FEA with Conditional
Generative Adversarial Networks (cGAN) to develop tailored microstructural designs for hybrid
composite materials. A DL model was trained on FEA generated dataset to recognize complex
patterns and customize microstructures in line with their mechanical behaviors. The Al-generated
microstructures demonstrated strong feature similarity with the original microstructures for target
full-range stress-strain curves. The low Fréchet Inception Distance (FID) scores further indicated
high fidelity and precision in accurately replicating intricate material structures. The full-range
stress-strain curves derived from Al-generated microstructure matched well with the original
stress-strain curves that were target for. Additionally, we implemented transfer learning techniques

to refine the model further to encompass different materials.
5.2 Results and Discussion

The overview of this study is depicted in Figure 5.1, outlining the framework for generating
custom-made microstructures based on specific properties. This framework is divided into three
primary components: (a) the data generation step, (b) a Deep Learning (DL) model, and (c) a

transfer learning model. Initially, a simulation method is employed to generate a dataset of
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composite microstructures along with their corresponding mechanical properties, aiming to
replicate experimental results. Subsequently, the dataset is used within a DL model to train and
assess the model’s performance in predicting tailored microstructure designs. Lastly, a transfer
learning model is implemented to transfer knowledge from the previous model, refining the new

model to adapt to a new dataset focused on rigid materials.

A comprehensive dataset was generated through FEA to investigate the inverse S-P relationship
of elastomer-based hybrid composites by varying a defined set of parameters, as illustrated in
Figure 5.1 (a). By modifying the design parameters, diverse microstructures of hybrid composites
composed of PDMS, glass fibers, and glass particles were produced through simulations,
accompanied by their corresponding full-range stress-strain data.

Then, we employed a DL framework, integrating a cGAN model with LSTM layers, designed to
capture the intricate patterns of microstructures and correlations within the data. Here, the full-
range stress-strain curves of the hybrid were used as input labels for the model. In contrast, the
composite microstructures (images rather than statistical numerical data) were target-generated
outputs. The cGAN model interpreted stress-strain curves as sequences of interconnected
coordinates, with each data point containing a pair of stress and strain values, denoted as (x;, y;).
This approach created a chain-like labeling system where the values of each coordinate were
informed by its predecessor’s points to reflect the continuous nature of the stress-strain curves of
composite materials. The Figure 5.1 (b) schematic illustrates a detailed framework of a cGAN
model developed to synthesize realistic, tailored microstructures informed by sequential stress-
strain data. The generator was trained with stress-strain data and a noise vector to produce realistic
microstructural images. At the same time, the discriminator simultaneously learned to distinguish
real from synthetic images, driving the generator to create increasingly accurate representations of
composite microstructures over time. The training phase was considered complete when the
discriminator could no longer reliably differentiate between real and unrealistic microstructures.
Figure 5.1 (c) shows the transfer learning model based on a pre-trained cGAN model implemented
on different material combinations. The transfer learning model was trained and fine-tuned using
the previously trained model's weights with updated hyperparameters for both the generator and

discriminator to learn new material combinations’ microstructures and stress-strain properties.
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Figure 5.1: Schematic of the generation of tailored microstructures from full-range stress-strain
relationships. The framework includes (a) data generation of microstructures and their
corresponding stress-strain curves by systematically varying structural parameters, (b) a DL model
trained with hybrid composite microstructures and stress-strain relationships, as well as testing the
model's ability to generate microstructures using stress-strain relationships, and (c) applied transfer

learning to fine-tune models to generate microstructures for different materials combinations of
hybrid composites.
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To gather a substantial dataset from simulations, the S-P relationships of pseudoplastic composites
was simulated by varying a selected set of parameters. The impact of extreme cases was also
examined to determine the maximum filler volume fraction and the mechanical property ranges.
In Figure 5.2, the strength spanned from 0.7 to 2.2 MPa, the initial stiffness spanned 0.5 to 1.17
MPa, and the toughness 0.59 to 2.15 MPa for pure-PDMS to the hybrid composite. For the hybrid
composite, up to 9% volume fraction of fiber and 18% volume fraction of glass particles were
integrated into the plastic composite during the simulation process. The simulation method was
also refined by updating the material properties to encompass both plasticity and hyper-elasticity
of the material. Furthermore, additional analyses were performed to consider any experimental
anomalies, including failure characteristics. By comparing with experimental data from fiber-
reinforced composites, the failure characteristics observed in simulations were validated which
ensured the reflection of practical conditions accurately.
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Figure 5.2: Inverse S-P relationships. (a) Stress vs Strain relationship along with the microstructure
of the (b) 25% volume fraction of particles composite, (c) combination of 5% volume fraction of
fiber and 16% volume fraction of particle composites, (d) 12% volume fraction of fiber composite,
(e) combination of 1.7% volume fraction of fiber and 12% volume fraction of particle composites.

A specific example is given in Figure 5.3 (a), where a hybrid composite with an original
microstructure of 4 vol% of well-aligned glass fibers and 18.5 vol% of glass particles was used.

The stress-strain curve was collected from FE simulation based on this microstructure. The stress-
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strain data was subsequently used as input for the cGAN model’s generator to produce the Al-
generated microstructure. Note that the stress-strain curve was the only input, and no information
of the original microstructure was provided to the cGAN model in the testing phase. From the
generated microstructures, key features of particles and fibers were identified. The generated
microstructure was then imported into the FE simulation to obtain its stress-strain curve. The
generated microstructure and its stress-strain curve were later compared with the original
microstructure and input stress-strain data. The comparison between the input stress-strain data
used in the cGAN model and the stress-strain data derived from the generated microstructures
demonstrated a close matching over the strain range. The results showcased the model’s accuracy
and proficiency in replicating complex material patterns as well as establishing inverse S-P
relationships. Several more cases are exemplified in Figure 5.3 (b). Additionally, the image-driven
model relied on geometric features rather than color contrast. A grayscale images trained cGAN
model demonstrated this in Figure 5.3 (c). The models, either trained on colored or grayscale
microstructural images, showed comparable performance on the test dataset with a low Fréchet
Inception Distance (FID) score of 0.577 and 0.457, respectively. The FID score measures the
similarity between images by comparing the distributions of feature representations. A lower FID
score indicates higher similarity.® In other categories of material and image-based ML models,
FID scores range from approximately 1.48 to 29.22.%% In some cases, an FID score of less than 5
is considered high-generation quality.**®*%" In our cGAN model results, the FID score is below 1,
which suggests that the model is robust enough to generate microstructures irrespective of the

color of the microstructures.
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Figure 5.3: (a) An example of cGAN model generated composite microstructures using stress-
strain data as input and comparing them with original composite microstructures. The cGAN

model generated (b) color microstructures and (c) grayscale microstructures from stress-strain
data, and the corresponding original microstructures.
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For further analysis of composite microstructural features, we compared the volume fraction of
filler in the original and generated microstructures across 32 cases. Figure 5.4(a) presents a
statistical comparison of particle volume fractions across different cases. The data points are
mainly concentrated around the zero line, indicating of minimal deviation between the original
and generated microstructures. The standard deviation of the particle volume fractions between
the Al-generated microstructures and the original ones was +3.39%, as highlighted in the yellow
shaded region in Figure 5.4 (a).
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Figure 5.4: (a) Statistical analysis and comparison between the volume fraction of particles in
original and generated microstructures. (b), (c) Statistical analysis and comparison between the
volume fraction of fibers in original and generated microstructures at different fiber orientations.
(d) DL model data validations by the losses on training, validation data, and FID scores.

Figure 5.4 (b) compares the differences in fiber volume fraction across three distinct fiber
orientations: 0°, 45°, and 90°. Most data points are clustered around the zero line and within a
standard deviation of £2.09%. Figure 5.4 (c) further compares the differences in volume fraction

between the generated and original microstructures across the three fiber orientations. Although a
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few outliers were present in the 45° and 90° orientations, the results suggested a consistently
minimal difference in volume fraction across different fiber orientations. Figure 5.4 (d) illustrates
the training progression of the cGAN model over 250 epochs, focusing on three key metrics: FID
score, validation loss, and training loss.35 On the validation dataset, the FID score started with a
high value of 1.88. It converged quickly to a low value at 0.21+0.07 as the training progressed
over more epochs with better generation quality. The validation loss increased rapidly to its peak
around epoch 75, then declined and stabilized after epoch 160. The training loss showed a lower
score than validation loss of all epoch numbers and converged around epoch 150. The convergence

of training loss and validation loss stabilizes at low values and improves model performance.

More importantly, we evaluated the full-range stress-strain curves calculated based on the Al-
generated microstructure results and compared them with the target input stress-strain curves
(Figure 5.5). We have utilized Multi-Criteria Decision Analysis (MCDA)**%140 to provide a robust
means of quantifying prediction accuracy and identifying the instances of higher deviations based
on multiple conflicting criteria. The evaluation of mechanical property predictions for generated
microstructures was conducted using a weighted function combining normalized R2 score and
RMSE, Score=0.9 x R? — 0.1 * RMSE, was used. We have defined the evaluation criteria by
assigning a higher weight to R? (90%) compared to RMSE (10%), emphasizing the importance of
capturing the overall variance explained by the model (R?) over the absolute error magnitude
(RMSE). This decision prioritizes the model fit with accuracy while balancing goodness-of-fit and
error tolerance in evaluating overall microstructure performance. The R2 score captures the
proportion of variance explained by the model, while RMSE reflects the magnitude of error in the
predictions. The results were categorized into three groups based on the quadratic normalization
of the combined scores: high score performance (Score > 0.5), low score performance (Score < -

0.5), and medium score performance (between -0.5 and 0.5).

Multiple examples are shown in Figure 5.5 (a) for the three groups. For high score cases, the Al-
generated microstructure results (stress-strain curves) and the target stress-strain curves matched
almost perfectly with high scores. For medium score cases, there were reasonable matches but
variation at high strain regions near failure. The low score cases exhibited close stress-strain
relationships at the initial strain region and deviated from target curves with increasing strain. An

observation was that the target stress-strain curves in the low score cases failed at much smaller
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strains than the other two groups. During training, the stress value was set as zeroes after failure
till the maximum value of strain of all training data. This might generate bias due to the large
amount of zero values and cause errors in judging failure strains for these low failure strain cases.
Another possible factor could be the loss of certain imperfect filler features during the Al-
generated microstructure detection process. As a result, although the Al-generated images included
all necessary features to produce similar full-range stress-strain curves in simulations, the

imperfect feature representation led to a mismatch in smaller strain cases.

Figure 5.5 (b) uses colored regions to visually present the distinction between the performance
levels, highlighting the distribution of high (green region), medium (blue region), and low score
(red region) cases of the Al-generated microstructures. The plot shows that 88% of the cases fall
within the high and medium scores categories, indicating a reasonably high efficiency in the

inverse microstructure design for a target full-range stress-strain curve.
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Furthermore, based on the established DL model of the elastomer-based composites, we employed
a transfer learning approach to expand the ability to design and establish inverse S-P relationships
for other composites. The model does not require training from scratch for each new material in
transfer learning. Instead, it utilizes a pre-trained model, which has already learned essential
structural and mechanical characteristics. It fine-tunes this model to accelerate and enhance the
learning process for new materials (Figure 5.1 (c)). This method reduces the need for extensive
data for each new material. It allows the model to generalize across different materials, from
flexible and stretchable composites (PDMS-based elastomer composites) to stiffer and brittle
composites (like epoxy-based composites).

Figure 5.6 represents the generated microstructures using transfer learning techniques based on the
stress-strain behaviors of two hybrid composites: epoxy-carbon fiber-glass particle composites and
epoxy-glass fiber-glass particle composites, with controlled design parameters. We utilized the
pre-trained model, which had been trained on similar structural fillers but with much more
compliant and deformable materials. The mechanical properties of the epoxy-carbon fiber-glass
particle and epoxy-glass fiber-glass particle composites were more than 10 times higher in ultimate
strength and over 67 times lower in failure strain compared to the pre-trained model's dataset for

PDMS-based composites.

Our base model, a customized LSTM-cGAN was used as the pre-trained model, and its parameters
were fine-tuned to train a new model for the above mentioned datasets. Figure 5.6 (a) and Figure
5.6 (b) depict two distinct cases of the original microstructures used in the training process,
alongside the microstructures generated by the fine-tuned model. These generated microstructures
are based on the stress-strain behavior characteristic of the epoxy-carbon fiber-glass particle
composite. During the testing phase, the fine-tuned model generates tailored microstructure based
on provided stress-strain curves. After fine-tuning, the model exhibited a low FID score on this
composites’ validation dataset (0.214) and test dataset (0.281). Similarly, for the epoxy-glass fiber-

glass particle composite, the FID score was 0.182 on the test dataset.
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Figure 5.6 (c) and Figure 5.6 (d) compare the Al-generated microstructure results with the target
stress-strain curves for two different cases: the epoxy-carbon fiber-glass particle composite and
the epoxy-glass fiber-glass particle composite. For both datasets, the Al-generated microstructures
with transfer learning were utilized to detect key features of particles and fibers within the
microstructure. Subsequently, those Al-generated microstructures were reintroduced into the FEA
to obtain their stress-strain curves. The Al-generated stress-strain curves were then compared to
the original stress-strain curves, which demonstrated a close correlation, particularly in the elastic
regions, shown in Figure 5.6 (c) and Figure 5.6 (d). However, due to the uneven feature edges in
some of the generated images, the filler features became elongated or shortened during the feature
detection step. This might cause the overestimation in Figure 5.6 (c) and underestimation in Figure
5.6 (d) during the simulation of the Al-generated stress-strain curves like in Case-1 in the failure
region. As shown in the figures, the model effectively forecasts tailored microstructures that align
with the desired stress-strain curves, where the key features and orientations of the fillers closely
resemble the original microstructures. Compared to re-training the DL model, the transfer learning
process reduced the training time by around 52% and the required dataset size by around 78%.

5.3 Conclusions

In conclusion, we developed an Al-driven design framework for hybrid composites by integrating
FEA with advanced ML approaches. Specifically, we employed a cGAN-LSTM-based model to
directly generate tailored microstructures based on desired full-range stress-strain curves. This
inverse S-P design process was demonstrated by elastomer-based and epoxy-based hybrid
composites. The model demonstrated substantial feature similarity with a low FID score of 0.21
and 0.577 on the validation and testing datasets. We also compared the stress-strain curves of the
Al-generated microstructures with the target stress-strain curves, resulting in 88% well-matched
cases. We further employed transfer learning techniques to fine-tune the model to expand the
design capability for other materials. The transfer learning models achieved FID scores of 0.281
and 0.182 on the test datasets for epoxy-carbon fiber-glass particle composites and epoxy-glass
fiber-glass particle composites, respectively. This study established inverse S-P relationships
featuring hybrid microstructures of matrix, fibers and particular fillers, as well as a fully trained
baseline cGAN-LSTM model.
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CHAPTER 6
FORMULATION OF INVERSE S-P RELATIONSHIPS

6.1 Introduction

With recent advancements in technology, the design of advanced hybrid composite materials with
customized properties has significantly expanded for specific requirements. The concept of inverse
S-P relationships involves understanding and developing methodologies for designing new
materials with tailor-made functionalities for specific applications. A deeper understanding of
inverse S-P relationships allows the design to be a more systematic, computational approach
towards advanced modeling, simulation tools and Al driven approaches. However, to design these
advanced materials to meet specific performance criteria requires a deep understanding of the
intricate relationship between their structure and properties. Traditional approaches to material
design often rely on time-consuming and costly direct experimentation and empirical models. To
address these issues, formulating inverse S-P relationships is essential for accelerating the
development of new materials with optimized performance for a wide range of applications. The
integration of domain-specific knowledge or constraints into computational modelling and Al
driven approaches can revolutionize the design of tailor-made materials by governing material
behavior. This integration is known as a Domain-Specific Constraint Model which are
computational model that explicitly incorporates domain-specific knowledge and empirical
constraints into the model’s architecture, loss functions, or training objectives. This approach
improves the learning process and align the model's outputs with known theoretical or real-world
behaviors. It also generalizes the model by incorporating meaningful fundamental information to
enhance the accuracy of predictions in ML algorithms. By leveraging fundamental knowledge of
material science and advanced computational techniques, obtaining the key relationship of inverse
S-P will be more prominent. This inverse approach enables the custom design of hybrid composite
materials with desired properties and reduces the need for trial-and-error experimentation. By
combining empirical insights with computational modeling, it enhances efficiency and improves

results in material design.

In this work, we applied a Domain-Specific Constraint Model using a fine-tuned CGAN-LSTM to
tailor the microstructures of composite materials and achieve specific mechanical properties for

automotive applications and experimental datasets. For automotive applications, we have designed
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a segmented front upper control arm where iterative adjustments across five generations achieved
uniform stress distribution for each segment demonstrating the data-driven design efficacy. Using
transfer learning on composite datasets, we refined the domain-specific constraint model's
architecture and hyperparameters by improving the resemblance of generated microstructures to
experimental data. With the incorporation of empirical domain constraints, the model
demonstrated significant improvements in generating realistic microstructure to accurately capture
filler morphology and mechanical properties. Furthermore, the model generated outputs mimic the

real-world conditions enhancing both the efficiency and accuracy of material design.
6.2 Front Upper Control Arm Demonstration

To demonstrate real-world application and enhance the performance of automotive components,
we applied targeted mechanical properties by generating tailored microstructures for a front upper
control arm. For front upper control arm, we utilized a hybrid composite made from epoxy, carbon
fiber, and glass particles. Although the strength of this composite may be lower than steel, the
main goal is to showcase the capability of the customized CGAN model in tailoring the
microstructure to achieve optimal mechanical properties such as tensile strength, stiffness, and
impact resistance. By customizing the material's microstructure, we optimized different parts of
the component for desired performance and demonstrated the model’s ability to design materials
with the right balance of mechanical properties for real-world automotive applications.

Constraint

Figure 6.1: (a) 3D model and (b) applied load and boundary condition for demonstration of hybrid
composite materials in the application of automotive front upper control/suspension arm.
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Figure 6.1 illustrates the geometric structure of an automotive front upper control arm (suspension
arm) and its division into 9 parts where each part has different microstructures and material
properties using a hybrid composite. Figure 6.1(b) shows the different colored regions
representation of various components made from hybrid composites and optimized for even stress
distribution across all parts for automotive applications. This also represent the different
microstructural composition of the composite materials, including the volume fraction of fillers,

the combination of fillers, and fiber orientations within the matrix.

Figure 6.2 demonstrates the simulation results of the front upper control arm under cyclic loading
conditions and the stress distribution across different stages of the load cycle. Each arm displayed
with a color gradient representing stress levels, where red indicates areas of higher stress and blue
represents lower stress. As the load was applied cyclically ranging from 7.5 psi to -7.5 psi, the
stress patterns evolve with specific regions experiencing higher stress concentrations that require
optimization for evenly distributed maximum stress. Optimization for evenly distributed
maximum stress is needed to prevent localized stress concentrations to improve the component's

durability from damage in specific areas of the component.
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Figure 6.2: Demonstration of front upper control/suspension arm on cyclic loading condition
highlighting stress distribution and mechanical performance of the hybrid composite material.
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In this step, we have done the iterative optimization of mechanical properties across five
generations to achieve even distribution of maximum 1st principal stress across all parts of the
front upper control arm. Figure 6.3 shows the stress-strain curves for the front upper control arm
components across five generations. In each generation, different mechanical properties (such as
Young’s modulus, yield stress, and plastic strain) were applied to each component during
simulation. The goal was to iteratively update these properties to bring the maximum 1st principal
stress of all components to similar levels for uniform stress distribution. Each generation represents
a step toward optimizing these mechanical properties based on the analysis of the previous one.
Figure 6.4 displays the bar charts showing the maximum 1st principal stress for each component
of the control arm over five generations. Initially, the stress varied significantly between
components, however, with each generation the mechanical properties were adjusted to reduce
these discrepancies. By the final generation, all the parts of front upper control arm achieved even

stress distribution, as the stress levels for each part became more similar.
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Figure 6.3: Stress-strain curves showing the evolution of mechanical properties across generations
for targeted stress distribution.
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Figure 6.4: Maximum 1% principal stress utilized for evenly distributed stress concentrations on all
the parts during different generation phase and variation across generation.
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Figure 6.5: Different generational phase of front upper control/suspension arm highlighting

maximum stresses.

57



Figure 6.5 provides visual representations of the stress distribution across the control arm in each
generation using a color gradient to indicate stress levels. Early generations show uneven stress
distributions with certain regions experiencing higher concentrations of stress. As mechanical
properties were optimized over successive generations, the stress distribution becomes more even
which indicates the iterative approach successfully optimized the material properties for uniform

stress performance.
6.3 Transfer Learning on Experimental Dataset

To validate the current deep learning framework, we utilized an experimental dataset to further
assess the model's efficacy. Specifically, we used both single and double filler composites,
including PDMS-hollow spherical glass particle composites and PDMS-hollow spherical glass
particle-glass fiber composites. We 3D-printed and casted a substantial dataset by varying filler
volume fractions, orientations, and printing conditions, and collected diverse microstructure
images of the composites using an optical microscope. Additionally, we performed tensile tests to

evaluate the impact of these parameter variations on the mechanical stress-strain data.

Initially, we employed a transfer learning approach to refine the model based on previously trained
models. For fine-tuning, we have used updated dataset and adjusted the learning rate to a lower
value of 0.00001 to ensure that the pre-trained model’s weights are not drastically altered.
Additionally, we also incorporated a learning rate scheduler to dynamically reduce the learning
rate if the validation loss stagnates. Furthermore, the model was fine-tuned over a total of 100
epochs on the new dataset and evaluated using the FID to measure the similarity between the
generated and real images for checking models performance. Figure 6.6 shows the generated
microstructure from transfer learning techniques and simulated/real microstructures for version
1.1 (V 1.1) and version 1.2 (V 1.2). The main difference between two version of the models is
learning rate which is 0.0005 for VV 1.1 and 0.00001 for V 1.2 which resulted in significant
variations in the outcomes. The microstructure generated by V 1.1 exhibits poor structural quality
due to the repetition of fiber positions. In contrast, V' 1.2 has very high FID score of 1.6743 on the
test dataset, also showed poor structural similarity with indication of challenges in generating

realistic microstructures with these parameters.
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Experimental

Generated V 1.2 Generated V 171

Figure 6.6: Transfer learning results using for version 1.1 and 1.2, similar architecture of pretrained
model on experimental dataset containing PDMS-glass particle-glass fiber hybrid composite.

Later, we have updated the transfer learning approach by further adjusting the hyperparameters to
better align the generated microstructures with the simulated/real microstructures, known as V2.
For that, we have updated the model with a significantly reduced learning rate 0.000001 to ensure
more subtle adjustments to the pre-trained weights, while increasing the number of training epochs
to 300 to converge the model for new data. Additionally, we incorporated custom data
augmentation techniques such as random flipping, rotation, brightness, and contrast adjustments
to improve generalization. We also reshuffled and merged multiple datasets of 3d printed PDMS-
glass particle composite and PDMS-glass particle-glass fiber hybrid composite to enhance the
model’s ability for generalization across different microstructure types. Lastly, we implemented
layer freezing for certain layers of the model to remain fixed while fine-tuning others and monitor
the performance of the model. Figure 6.7 represents the updated models generated microstructure

and simulated/real microstructures. However, although the model performance has not

59



significantly improved, the generated microstructures exhibited more distinctive features. As
shown in the Figure 6.7, the texture and particle formations in the generated images have evolved
to resemble the structures more closely. Few details showed improvements such as the distribution
and shape of particles, however, the overall fidelity and alignment with the real microstructure still

require further optimization.

Experimental

Generated

Figure 6.7: Transfer learning V2 with base model architecture with fine-tuned parameters results
on experimental dataset containing PDMS-glass particle-glass fiber hybrid composite.

In the next phase, we enhanced the model to improve the resemblance of generated microstructures
by incorporating additional datasets for combining multiple sources for more comprehensive
training, labeled as V3. Additional datasets contain casted composites and hybrid composites. We
also modified the training strategy by selectively freezing and unfreezing layers at different stages
of training to better retain useful pre-trained features for adapting to new data. Key
hyperparameters were further adjusted, including a reduction in the learning rate and updates to
the number of critic steps, to stabilize the training process and enhance performance. However, the
generated microstructure started to resemble more to the pretrained model generated
microstructure. In the Figure 6.8, the microstructure generated began to exhibit more distinct
features. However, the generated images continue to inherit dominant characteristics from the pre-
trained model instead of showing significant adaptation to the new dataset. The generated
microstructure displays similarities in pattern and texture to the pre-trained model, particularly in

the arrangement of elongated shapes and clustered regions, lack the intended variability or
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refinement expected from training on the new data. From that we can say that the generated images
fail to adequately capture the complexity or realism of the new training data.
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Figure 6.8: Transfer learning V3 with updated fine-tuned parameters results on experimental
dataset containing PDMS-glass particle composite.

As further adjustments and refinements in the training process are required to push the model
towards generating microstructures for reflecting the diversity of the new dataset, we introduced
additional techniques to enhance model performance. We utilized transfer learning with
architectural modifications to fine-tune our base CGAN-LSTM model updating its knowledge for
experimental composite materials, described as V4. This process leverages the pretrained model's
initial weights and modifies the architecture to accommodate the structural and conditional
characteristics of the new datasets for better performance on the updated task. By gradually
unfreezing layers and introducing new convolutional blocks, we allowed the model to learn both
low-level and high-level features specific to the composite material domain. Additionally, we
incorporated custom loss functions, such as microstructure loss and feature matching, which
enabled the model to generate images that accurately capture the intricate particle distributions and
stress-strain relationships found in the experimental data. The microstructure loss ensured that the
generated images maintained realistic particle sizes, distributions, and intensities, while mimicking
the physical characteristics of the materials. Feature matching further refined the generator for
improving the overall visual quality as well as structural fidelity of the generated microstructures

by comparing intermediate features between real and generated images.
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In our work, the fine-tuning process involved several key architectural modifications that
optimized the base CGAN-LSTM model for the composite material dataset. Firstly, we froze most
of the pretrained layers in both the generator and discriminator to retain their prior knowledge and
gradually unfreezing deeper layers during training for adaptation to the new data. Then, we updated
both the generator and discriminator convolutional layers by progressively up sampling feature
maps conditioned on strain-stress sequences at each stage of generation to accurately reflect the
mechanical properties of the materials. During training, the Wasserstein loss with gradient penalty
was used to stabilize the GAN's training and prevent mode collapse while the generator and
discriminator learned. To ensure the physical accuracy of the generated microstructures, the
microstructure loss specifically evaluated the generated images against the real ones by comparing
statistical properties like particle size, distribution, and intensity. Additionally, the feature
matching loss supported the generator to produce images of realistic looking at the pixel level and
similar internal feature activations like real images as assessed by the discriminator. These
combined mechanisms allowed the model to refine its outputs for progressively producing images
that closely matched the intricate structures and properties of the real microstructure data. The
accuracy and quality of the generated images were quantitatively measured as reflected in the
significantly lower Fréchet Inception Distance (FID) scores and improved SSIM values during

validation.

Figure 6.9 shows the results from the fine-tuned CGAN-LSTM model where model has a clear
improvement in generating microstructure images to accurately reflect the experimental composite
material data. Comparing with the real images, the generated images demonstrated highly
consistent particle sizes and accurate spatial arrangement along with the significant reduction in
discrepancies between the mean and standard deviation of particle sizes. Additionally, the
generated images have smoother internal structures transitions and more natural particle
formations for feature matching loss contribution. Quantitatively, the model achieved a notable
improvement in FID score which dropped from 1.6743 to 0.7779, indicating that the generated
image distribution converged much closer to that of the real data. Furthermore, the customized
loss values decreased from 12.8179 to -0.0017 and showed similarity in overall appearance as
well as retained critical structural features, particularly in terms of texture and material contrast.
The visual comparison between the real and generated images showed that the fine-tuning

successfully preserved the particle morphology and strain-stress relationships for a reliable
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representation of the material microstructures observed in the experimental data. These results
confirm that the architectural modifications and custom loss functions directly contributed to
produce high-quality microstructures closely aligned with real-world material properties. The
domain-specific constraint models were capable of generating microstructures for both individual

particle-based and hybrid composites.
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Figure 6.9: Transfer learning V4 with upgraded architecture results on experimental dataset
containing PDMS-glass particle composite and PDMS-glass particle-glass fiber hybrid composite.

6.4 Conclusions

In conclusion, we demonstrated the real-life application of a CGAN model for tailoring the
microstructures of composite materials to achieve specific mechanical properties in both
automotive applications and experimental datasets. For the automotive front upper control arm,
we iteratively adjusted the mechanical properties of each part over five generations to achieve
uniform maximum 1st principal stress across all components. Cyclic loading simulations and stress
distribution analysis emphasized the importance of preventing localized stress concentrations to

enhance durability which showcases the effectiveness of data-driven material design for

63



manufacturing high-performance automotive components. Additionally, we validated the deep
learning framework by applying a transfer learning approach on experimental composite datasets
including single and double filler composites. Across multiple versions (V1.1 to V4), we
iteratively refined the model’s architecture and hyperparameters to improve the resemblance of
the generated microstructures to real experimental data. Key strategies included adjusting learning
rates, incorporating data augmentation, freezing/unfreezing layers, and implementing custom loss
functions like microstructure loss and feature matching. The model’s performance evaluated by
using FID and validation loss values which showed progressive improvement particularly in
version V4. Version V4 achieved a significant reduction in the FID score reflecting better
alignment between generated and real microstructure images. Despite some challenges in
capturing the full complexity of the dataset, the fine-tuned domain specific constraint CGAN-
LSTM model demonstrated clear advancements in generating high-fidelity images that accurately
represent the particle shape, distributions, and mechanical properties of the composite materials.
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CHAPTER 7
CONCLUSIONS AND FUTURE WORK

7.1 Conclusions

In conclusion, we have demonstrated a comprehensive framework for designing and characterizing
the S-P relationships of lightweight hybrid composites. This study leveraged a multifaceted
approach that includes conventional DOE, a theoretical hybrid model, and advanced, image-driven
ML methods to elucidate the intricate mechanical behaviors of these advanced materials.
Conventional DOE approaches were utilized, highlighting the significant impact of printing
direction and fiber volume fraction on material properties. While a hybrid mechanics model was
proposed, it tended to overestimate the mechanical properties; conversely, an image-driven ML

model provided more accurate predictions with significantly lower error rates.

Furthermore, we developed a microstructural design approach by integrating FEA and advanced
ML aiming for customized solutions across various material prospects. Our cGAN-LSTM
framework demonstrated the capability to generate tailored microstructures which are closely align
with specific stress-strain sequences and exhibit strong feature similarity as well as low FID scores.
The model’s predictive accuracy was validated through the re-simulation of composite
microstructures along with the majority of cases showing minimal error. The integration of transfer
learning further enhanced the model's performance across different material scales, such as
stronger and stiffer materials by achieving even lower FID scores for epoxy-based composites.
The transfer learning model effectively generated customized microstructures aligned with the
desired mechanical properties by mapping filler features and spatial orientations to mimic real
microstructures. Also, the implementation of transfer learning approach reduced the training time

and required data size significantly.

Additionally, we explored the formulation of inverse S-P relationships through the incorporation
of domain specific constraint models by enhancing our understanding of how individual
constraints, such as microstructure features influence on these tailor-made materials. To validate
the approach, we applied a domain specific constraint transfer learning method on an experimental
dataset of composite materials with single and double fillers. Through iterative refinements across

multiple versions, key strategies such as data augmentation, learning rate adjustments, and custom
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domain-specific loss functions improved the model's performance. Version V4 significantly
reduced FID scores and better aligning the generated microstructures with real experimental data
as well as accurately representing the filler shapes and distributions. Moreover, we demonstrated
the real-life application of a CGAN model in automotive parts by tailoring composite material
microstructures to achieve specific mechanical properties. For these automotive parts, we used the
front upper control arm where iterative adjustments over five generations resulted in uniform stress
distribution across all sections. The integration of conventional experimental designs with
advanced theoretical and ML approaches presents a promising methodology for investigating the
mechanical behaviors of lightweight hybrid composites.

7.2 Limitations and Future works

The limitation of this study is that we have only considered out-of-plane fillers. In-plane fillers can
be difficult for the model to recognize due to the different alignment of the filler. In cGAN-LSTM
model training, only cylindrical and circular fillers with lengths of 0.031-0.215 mm and radii of
0.02-0.049 mm were considered. Additionally, the model struggles to differentiate voids from

particle fillers and sometimes falsely identifies voids as fillers due to imperfections in experiments.

In future work, we will focus on extending our existing FEA and deep learning framework to
explore and customizing hybrid composite materials for utilizing alternative fiber and particle
reinforcements. Building upon our current model, we will integrate new material options such as
natural fiber (hemp, flax, etc.), multi-walled carbon nanotube, corn starch, cellulose microbeads,
silica-based particles. These materials offer promising mechanical properties, including high
tensile strength, improved toughness, and enhanced wear resistance, making them suitable for
automotive applications. To refine our approach, we will focus on optimizing the composite
microstructure by varying especially, filler geometry including circular, cylindrical, ellipse and
other-shaped reinforcements. We will also incorporate multi-scale modeling techniques to analyze
the effect of microstructure on macro-level performance, particularly under complex loading
scenarios like combined bending, torsion, and impact loads. To further improve prediction
accuracy, we will enhance the current deep learning model by incorporating additional physics-
informed constraints to incorporate real-world operational conditions. Further improvement in the
design will be able to deliver a next-generation composite material solution for realistic application

with superior mechanical performance and weight efficiency.
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APPENDIX A: MATHEMATICAL MODELS
A.1 Particle models

A.1.1 Rule of mixture for particle composites: The rule of mixtures is the simplest model for
calculating stiffness and strength of a composite, assuming that both matrix and particles are
subjected to equal strains and a perfect interface and stress transfer between matrix and particles.4!

Ecp = pf +En(1—f) (A1)
Oc, = opf + 0 (1—f) (A.2)

where o, 0., Ep, Er, are the strength and stiffness of the particle fillers and matrix, respectively.
f, E.,, o, are the volume fraction of particle fillers, stiffness of the particle composite, and

strength of the particle composite.

A.1.2 Rigid inclusion model: Goodier solutions are used to define high internal stress gradients
associated with elastic inhomogeneities for spherical inclusions, which affect the mechanical
strength of composite materials.'*?> The rigid inclusions produce different types of stress
concentrations due to the interaction with surrounding materials.’*® The expression of stress

concentration in the inclusions are

o, = 2G, [— % + (ﬁ — E) COSZG] + g(l + cos20) (A.3)

rt  r2

TR? (1-20)Gp—(1-20,)G TR* Gp,—G
Where 4 = ———"=" B = e
4Gp (1-2vp)Gp+Gm 4Gp (3-3vp)Gm+Gp

TR?  Gp—Gnp
2Gp (3—4vp)Gm+Gp

,and C =

T is the applied tensile load, 6 is angle from direction of applied load for maximum stress
concentration, A, B, C are the tensile stress concentration to the regions of particle, G, is shear
modulus of glass, Gy, is shear modulus of matrix, v, is the Poisson’s ratio of the glass particle, v,,

is the Poisson’s ratio of the matrix, R is the inner radius of the thin-shell hollow particles, and r is

the outer radius.

A.1.3 Mori-Tanaka model: In the Mori-Tanaka model, the correlation between the strength of the
composite and volume fraction of particles can be derived when the matrix and the filler are

elastic.'?® The following equation are*
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2 GE-1)

14(1-) (GE-1)(

0, = Emec [1+ e (A4)

15(1—vp))

where A =1.5, which is a constant related to particle size distribution, geometry and interfacial

adhesion, €. is the strain of composite.

A.1.4 Halpin-Tsai model for particle composites: In an effort to describe particle-matrix

micromechanics, Halpin-Tsai developed a generalized equation!?’144

_ Emf . Ep(1=) 1=/ !
Tep = Ec [(3Em+46m + 3Ep+4Gm) / (3Em+4Gm " 3EP+4G"1)] -
A.2 Fiber model

To define fiber-matrix and interlayer failure, the tensile strength can be derived from Halpin-Tsai

model and Tsai-Hill criterion.*’127139-132 The expression of tensile strength is

1
__ [ cos*6 sin*0 1 _ 1 . 20\ 2
Op = ( + + ( (E161)2) sin“@cos 9) (A.6)

(E1€1)?  (E2€2)? G12¥12

142
in which £, = E,,, ( rdnn1f> and E, = E,, (%)
—11 =12

. . v . . .
Here, the in-plane shear modulus is G, = G—f+’;—m the in-plane shear strain is y;, = ;ﬂ =
f m 12

fre+(1-)tm

12

the longitudinal and transverse direction, respectively. A measure of reinforcement geometry and

, 6 is the fiber orientation angle against loading direction, €; and €, are the strain in

_Ef-Enm

stiffness contrast between filler and matrix is described in n,= Wfor longitudinal direction
rta
and n, = El’;'f;" for transverse direction. The fiber diameter d= 11.66 um is determined
f
experimentally in this study and | is the length of the fiber, which is [ =110—

f 10
36.5 (1 — e_(M) ) mm determined experimentally from previous study.?*

A.3 Hybrid strength model:
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In the hybrid model, we incorporated individual models of fiber-matrix and particle-matrix failure
probability via a Weibull distribution function. The strength of hybrid composite is

oc = 0, Fs, + o, P (A7)

Sp

and P, ; and P;, are the probability of failure of the fiber-matrix and particle-matrix, respectively,

under a uniaxial tensile.

P, =1~ L)) (A8)

P, =1- (G ) (A.9)

where m, and m, are the Weibull coefficients of fiber-matrix and particle-matrix interfaces,
respectively. o..r and o, are the critical strength of fiber-matrix and particle-matrix interfaces.

L is the critical length of fiber which is associated with the critical strength o,¢. o, and o, , are

the strength of particle composite and fiber composite, defined in Eg. (A.4) and (A.6) respectively.

The Weibull parameters and the critical stresses are calculated using the general linear regression

method and the weight function.***

_ Cw)CEwiziy) —Ewiz) Ew;iy;)
m=""x w)(Zw;z?) - (Twiz;)? (A.10)
O = e(_ﬁ) (A.11)
1 i-0.3
where z; =1Ing; , y; = ln[ln(l_—Fi)] , w, =[(1-F)In(1-F))*, F; = ﬁ ., and a=

Ewiy) -m(Ew;z;)
Cwy)

. nis the number of samples are considered, for fiber, n=11 and for particle, n=20.
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APPENDIX B: MATERIALS PROPERTY

Table B.1. ANOVA table for stiffness.

Percentage of
Parameter | SSV | MSV MSE MSV/MSE | F(2,33,0=0.05) o
contribution (%)
Fiber .
3.03 1.51 0.21 7.16 Significant 30.26
(vol %)
Particle .
2.13 1.07 0.24 4.47 Significant 21.32
(vol %)
Printing o
o 4.53 2.26 0.16 13.63 Significant 45.24
direction
Nozzle size | 0.32 0.16 0.29 0.54 Insignificant 3.16
Table B.2. ANOVA table for strength.
Percentage of
Parameter SSV | MSV MSE | MSV/MSE | F(2,33,a=0.05) o
contribution (%)
Fiber o
1.72 0.86 0.038 22.46 Significant 57.64
(vol %)
Particle o
0.64 0.32 0.071 4.57 Significant 21.68
(vol %)
Printing o
o 0.32 0.16 0.081 2.01 Insignificant 10.86
direction
Nozzle size 0.29 0.15 0.082 1.79 Insignificant 9.81

Here, SSV is sum of square of a variable, MSV is mean square of a variable, MSE is mean

square error of a variable. For significance F-test, the confidnece interval is 95% (0=0.05).
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Fig. B.1. Rheology characterization of 3D printability of the ink of hybrid composite materials,
showing (a) shear thinning and (b) yielding behaviors.
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