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abstract

My PhD research aims to develop Machine Learning methods for the
analysis and optimization of composite materials. Specifically, I focus on
two key areas: composite material property prediction and composite
material optimization. To enhance the accuracy of Machine Learning
models in composite material prediction, I explore the incorporation of
practical knowledge into the Machine Learning framework, which can be
achieved through various approaches such as input layer, Neural Network,
or loss function. My research demonstrates that incorporating existing
knowledge can improve the prediction accuracy of Machine Learning
models, which can be applied to both data-based and function-based
machine learning problems. In addition to prediction, I also investigate
optimization strategies for discovering optimal composite material designs
using Machine Learning. These findings highlight the great potential of
Machine Learning in composite material analysis and offer insights for
future research in other applications such as medical image analysis, time-
series data analysis, and image segmentation and classification.
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1 introduction

Composite materials are hybrid materials created by combining two or
more constituent materials with different physical or chemical properties,
resulting in a material with unique properties. They are widely used
in structural applications across various industries, including aerospace,
defense, automotive, and marine. Typically, these materials consist of stiff
and strong reinforcements at the micron scale bound together by a softer
polymer matrix material. They provide design flexibility, as the orientation
and mixture of reinforcements can be customized for specific applications.
However, modeling these materials computationally is challenging due to
the presence of multiple materials and features at the micrometer scale that
exhibit multi-scale behaviors. Micro-mechanical models, such as repeated
unit cell (RUC) models, are often used in composite analysis, and the
Finite Element Method (FEM) is commonly employed to analyze these
RUCs. However, FEM can be computationally expensive when used for
multi-scaling or optimization, where several models need to be solved
iteratively. Therefore, my PhD research focuses on using Machine Learning
techniques to predict composite material properties and responses without
having to perform FEM analysis with varying input parameters.

Machine Learning is a field of study that focuses on computer algorithms
that can improve automatically through experience and data. These algo-
rithms are built based on training data and can make predictions without
explicit programming. Regression analysis, which is a statistical approach
for estimating relationships between dependent and independent vari-
ables, is a widely used Machine Learning algorithm in composite material
analysis. With regression analysis, we can build the connection between
input features and corresponding mechanical properties. However, in
many cases, the target model in composite material analysis is not easily
described by a simple feature vector. In such cases, we can use Deep Learn-
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ing, which is a family of machine learning methods based on artificial
neural networks with multiple layers to extract a large number of features
and make predictions based on these features.

Therefore, my research focuses on analyzing composite materials using
Machine Learning, with a focus on making predictions and optimizing
designs using Knowledge-based Machine Learning. Knowledge-based Ma-
chine Learning refers to Machine Learning or Deep Learning frameworks
that incorporate our existing knowledge for providing better prediction ac-
curacy or requiring less training data. Each composite material model can
be treated as a graphical matrix, where we utilize Convolutional Neural
Network (CNN) to extract high level features from each model and predict
corresponding mechanical properties or discovering optimal geometric
parameters.
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2 overview

The diagram in Figure 2.1 summarizes the research framework of this
study, which mainly focuses on prediction and optimization problems
related to composite materials. Due to limited available data, especially
in engineering, it is essential to embed existing knowledge into Machine
Learning algorithms to achieve better predictions with less data. To ad-
dress this challenge, two groups of prediction problems were identified:
data-based and function-based prediction. The former relies on experimen-
tal or computational data, while the latter relies on governing equations.
To embed knowledge into these approaches, various methods were ex-
plored, such as input-based, Neural Network-based, and output-based
embedding.

In terms of optimizing problems, the research focuses on finding the op-
timal design among a large number of design variations. To efficiently
achieve this goal, the study explores two main approaches: physically-
meaningful optimization and data-driven optimization. Physically-meaningful
optimization aims to establish the relationship between physically mean-
ingful features and the target variables through statistical learning. This
relationship serves as the governing equation to discover the optimal so-
lution. On the other hand, data-driven optimization seeks to identify
the optimal design through heuristic searching or reinforcement learning
methods.

2.1 Prediction problem
The prediction problem mainly consists of predicting the mechanical prop-
erties from targeting composite material geometries (forward-direction
prediction) or predicting composite material geometries from targeting
mechanical properties (inverse-direction prediction).
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Figure 2.1: Overview of PhD research framework

Knowledge in input - Difference-based Neural Network
(DiNN)[Chapter 3]

We proposed the Difference-based Neural Network (DiNN)[31] for pre-
dicting stress distributions in different composite micromechanical models
by embedding knowledge in the input layer. Our approach takes the av-
erage of the geometric matrix and corresponding stress contour in the
training dataset as our ’reference model’. The Deep Neural Network fo-
cuses on predicting the difference between the target model and reference
model. Our results demonstrate that DiNN can significantly improve
stress contour prediction accuracy, particularly for RUCs with simple ge-
ometric changes, such as changing reinforcement diameter or thickness,
and with limited dataset. However, this method has limitations when the
RUCs undergo significant changes, as it may restrict the model variance.
To overcome this limitation, we used an Autoencoder framework to re-
duce the dimensionality of input models and predict stress distributions
for models with large variances. Our results show that this approach
enhances prediction accuracy, especially when the training data is limited.
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Knowledge in Neural Network - Parameterization-based
Neural Network [Chapter 4]

Besides embedding knowledge in the input layer and using dimension
reduction techniques, my research also investigates methods to incorpo-
rate knowledge within the Neural Network. In predicting stress-strain
curves, we propose a framework called Parameterization-based Neural
Network (PBNN)[34], which predicts nonlinear stress-strain curves de-
scribed as a parameterized function. Since the function parameters are
nonlinearly related to each point on the curve, the predicted parameters
may capture the shape of the function, but not the precise location. To
improve prediction accuracy, PBNN includes an additional prediction
to guide the predicted nonlinear stress-strain curve, as the knowledge
embedded within the Neural Network. Our research demonstrates that
PBNN produces smoother and more accurate stress-strain curves.

Knowledge in loss function - Physics-Constraint Neural
Network and Physics-informed Neural Network

Physics-Constraint Neural Network [Chapter 5] In addition to embed-
ding knowledge in the input layer and within the Neural Network, we
also investigate embedding knowledge in the loss function to improve
the prediction. Specifically, we propose the Physics-Constraint Neural
Network (PCNN)[35], which embeds physics knowledge in the loss func-
tion. This approach is used to predict woven composite geometry based
on targeting mechanical properties. Our results demonstrate that PCNN
significantly improves the prediction accuracy of woven architecture for a
specified composite modulus, which is a difficult prediction to make for
woven composites when compared to existing methods.
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Physics-informed Neural Network Data-driven modeling methods heav-
ily rely on the input models, meaning that they cannot be generalized to
unseen composite materials or unseen boundary conditions. To overcome
this limitation, my research also focuses on function-based prediction,
which considers the fundamental boundary value problem (BVP) that is
usually defined as a Partial Differential Equation (PDE). My research aims
at developing more robust Physics-informed Neural Network to: (1) solve
the heterogeneous Poisson equation and (2) discover hidden parameters
in the heterogeneous Poisson equation from experimentally measured
data.

2.2 Optimization problem
Regarding optimization problems, my research is concentrated on two dis-
tinct approaches: regression-based and data-driven-based optimization.

Regression-based Optimization

Directional Origami Structures - Geometric Regression Analysis [Chap-
ter 6] Origami structures are a fascinating class of structures that offer
flexibility in modifying their mechanical properties through the choice of
different geometric parameters. In contrast to origami structures made of
isotropic material, our research focuses on origami structures made of di-
rectional materials, such as Carbon Fiber Reinforced Composites (CFRC).
These structures have multiple parameters that govern the shape of their
unit cells and folding angles. Our aim is to investigate the effect of geomet-
ric parameters and CFRC directionality on the mechanical properties of
the origami structures and identify optimal geometric designs. To achieve
this, we employ regression analysis to identify the relationship between
each geometric parameter and the mechanical properties. Subsequently,
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the regression model can be used as a governing equation to determine
the optimal geometric parameters[36].

Syntactic Foam Densification Mechanics [Chapter 7] The method of
optimization based on regression can also be extended to solve the opti-
mization problem for syntactic foam composites. Syntactic foams consist
of closed cell composite foams, where microballoons with thin walls are
dispersed within a matrix (resin) to provide exceptional mechanical prop-
erties, such as high strength and low density. This study considers various
parameters that govern the geometry of syntactic foams, and aims to find
the optimal design using the regression model[109].

Data-Driven-based Optimization [Chapter 8]

In addition to using regression-based analytical optimization, my research
also investigates the use of data-driven methods to discover optimal solu-
tions. The effectiveness of regression analysis is largely dependent on the
choice of model. A model that is too simplistic may not capture the true
relationship, while a model that is too complex may lead to overfitting.
As a result, my research examines the application of data-driven methods
to identify optimal solutions. To illustrate, my work employs genetic al-
gorithm and deep reinforcement learning techniques to discover optimal
designs for composite materials[33].

2.3 Structure of the Dissertation
The dissertation chapters are individual manuscripts that are either peer-
reviewed publications or under review. The chapter numbers correspond-
ing to each topic is illustrated in Figure 2.1.
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3 difference-based deep learning framework for
stress predictions in heterogeneous media

Haotian Feng, Pavana Prabhakar, Difference-based deep learning frame-
work for stress predictions in heterogeneous media, Composite Structures,
Volume 269, 2021.

Abstract
Stress analysis of heterogeneous media, like composite materials, using
Finite Element Method (FEM) has become commonplace in design and
analysis. However, determining stress distributions in heterogeneous
media using FEM can be computationally expensive in situations like
optimization and multi-scaling. To address this, we utilize Deep Learning
for developing a set of novel Difference-based Neural Network (DiNN)
frameworks based on engineering and statistics knowledge to determine
stress distribution in heterogeneous media, for the first time, with special
focus on discontinuous domains that manifest high stress concentrations.
The novelty of our approach is that instead of directly using several FEM
model geometries and stresses as inputs for training a Neural Network, as
typically done previously, we focus on highlighting the differences in stress
distribution between different input samples for improving the accuracy of
prediction in heterogeneous media. We evaluate the performance of DiNN
frameworks by considering different types of geometric models that are
commonly used in the analysis of composite materials, including volume
fraction and spatial randomness. Results show that the DiNN structures
significantly enhance the accuracy of stress prediction compared to existing
structures, especially for composite models with random volume fraction
when localized high stress concentrations are present.

https://doi.org/10.1016/j.compstruct.2021.113957
https://doi.org/10.1016/j.compstruct.2021.113957
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3.1 Introduction

Stress analysis is an important discipline within engineering, where the

primary objective is to determine stresses and strains in structures and

materials subjected to external loads.

Within stress analysis, we typically start with a geometrical description of

a structure or material and the expected load acting on it. Typical output

of stress analysis is the quantitative distribution of stresses, strains and de-

formations. There are several approaches for stress analysis of solids, like

classical mathematical closed form solutions for partial differential equa-

tions, computational simulation, experimental testing or a combination of

these methods. Among these, Finite Element Method (FEM)[58, 149] is a

commonly used computational tool for stress analysis and for designing

structures and materials. By reformulating governing partial differential

equations (PDE) from strong form to weak form, and implementing these

in discrete form within FEM, the response of solids subjected to external

loads and boundary conditions can be determined.

FEM is used extensively for analyzing composite materials[8], which

are heterogeneous and usually made of individual constituent materials

with unique properties that are combined together to result in improved

physical properties as compared to the individual materials. Composite

materials typically consist of matrix and reinforcing constituent materi-

als, where the reinforcing material is stiff and strong, and matrix is made
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of homogeneous and monolithic material that binds the reinforcements

together. Typically, several length scales exist within composites, with

reinforcements at the micrometer scale and composites at the meter scale.

Detailed FEM analyses at multiple length scales are widely used to ana-

lyze and design these composites[28, 56, 8]. Although commonly used

for stress analysis, FEM can be expensive when used for optimization and

multi-scale analysis of structures and materials, especially within compos-

ite materials. Hence, the past few years have witnessed a few attempts for

substituting traditional FEM with Neural Network (NN), a method within

Machine Learning (ML) framework, for structural optimization[138, 137]

and multi-scale analysis[95, 136].

Past researchers have shown great potential for ML and Deep Learning

(DL) methods as surrogates for predicting mechanical properties in Com-

putational Solid Mechanics and Computational Fluid Dynamics, without

performing Finite Element Analysis (FEA). Earlier attempts to integrate

ML techniques into FEA focus on updating model[93][1], defining mate-

rial constitutive relationship[76] and approximating nonlinear constitutive

behavior[61]. With limitations of ML techniques in modelling complex

nonlinear models, researchers have resorted to DL method as a surro-

gate to FEA in the field of stress prediction. Liang et al.[80] introduced

image-to-image DL model to substitute FEA for stress distribution es-

timation in human tissues and proved the feasibility of estimating the

linkages between shape features and FEA-predicted results. Guo et al.[44]
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proposed Encoder-Decoder[20] structure in CFD to predict non-uniform

steady laminar flow in vehicle aerodynamic analysis and showed that it

is considerably faster than traditional LBM solvers. Khadilkar et al.[5]

proposed two-stream deep learning framework for stress field prediction

in 3D printing, by combining extracted 2D features with 3D point clouds

using CNN and PointNet[135]. Yang et al.[103] proposed an artificial neu-

ral network (ANN) to approximate yield function under given boundary

conditions. Bhatnagar et al.[3] improved Encoder-Decoder structure’s ca-

pability for predicting velocity and pressure field in unseen flow conditions

and geometries. More in line with our work, Nie et al.[102] introduced

Stress-Net by implementing Residual Network (ResNet)[52] into Encoder-

Decoder structure and validated their framework using 2D linear elastic

cantilevered structural analysis. This significantly improved the accuracy

of von Mises stress field prediction in their models.

Inspired by the ability of CNN to extract high-level features[9] and sev-

eral previous successful Encoder-Decoder models[133], we introduce a

new Difference-based Neural Network (DiNN) structure in this paper

that focuses on geometric and associated stress differences between differ-

ent samples for stress prediction in composite (heterogeneous) materials.

Instead of directly using several Finite Element model geometries and

stresses as inputs, DiNN focuses on highlighting the differences in stress

distribution between different input samples by using the geometry and

stress differences between training samples and a reference model (de-
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termined based on training samples) as input data for training the NN.

Highlighting these differences in the input sample data is expected to

improve the prediction accuracy. This is the first attempt, to our best

knowledge, towards predicting stress distributions in heterogeneous me-

dia like composite materials that possess severe stress concentrations.

3.2 Overview of the Proposed Machine

Learning Framework

Figure 3.1: An overview of the proposed ML framework: Composite
models are first generated and solved using Finite Element solver to obtain
stress distribution contours. The meshed geometry and stress contours
are interpolated onto Cartesian Maps and further used for training the
DiNN structure. Finally, the trained DiNN is used for predicting stress
distribution contours for new composite models.
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In Figure 3.1, we present an overview of the proposed machine learning

framework for composite structures and materials. Throughout the paper,

we have used Intel Core™ i7-9700 Processor for performing FEA and post-

processing. We perform the machine learning step on NVIDIA GeForce

RTX 2080 SUPER with 3072 CUDA cores. First, several target composite

geometries are randomly generated and meshed, and are solved numeri-

cally under quasi-static loading and linear elasticity using Finite Element

software ABAQUS[134] to obtain the spatial stress distribution for each

geometry.

Next, the meshed geometries and their nodal stress distribution contours

are interpolated onto a uniform global map called Cartesian Map (CM)[3].

This enforces the interpolated geometry and the stress models to be of the

same size in order to facilitate NN training and parameter learning through

the training steps. Upon training the NN structure, the learned model is

used for predicting spatial stress distribution contours and evaluating its

performance.

3.3 Model Definition

Introduction to Different Geometric Models Considered

We consider composite micromechanical models in two categories: vol-

ume fraction randomness (VR) and spatial randomness (SR). To account

for these variables, we analyze eight different structures shown in Fig-
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ure 3.2 as the geometric models in this study: 1) plate with a circular

cutout model(PC-VR), 2) square packed fiber reinforced model(SP-VR),

3) hexagonal packed fiber reinforced model(HP-VR), 4) hollow parti-

cle reinforced model(HPR-VR), 5) plate with controlled random circu-

lar cutout model(PC-SR-C), 6) plate with uncontrolled random circular

cutout model(PC-SR-UC), 7) square with controlled random packed fiber

reinforced model(SP-SR-C), 8) square with uncontrolled random packed

fiber reinforced model(SP-SR-UC). VR models have fixed cutout or fiber

centers and random radius, while SR models have random cutout or fiber

centers but fixed radius. Overall external dimensions of each model is

10 x10 µm.

Importance and Relevance of Each Model Considered

We consider two dimensional plane stress analysis in this paper and focus

on predicting von Mises stresses as both matrix and reinforcement regions

have in-plane isotropic properties. In VR models, we vary the geometries

by choosing different fiber or cutout radius r, which is calculated based

on different volume fractions Vf using the equation r =
√

Asquare∗Vf

π
. Vf

describes the volume percentage of one part to the whole model. We

randomly generate different values of Vf within a target range, where

Asquare is the area of the bounding square region. In SR models, we

choose four cutouts or fibers in each model for investigation and validation

purposes. Controlled randomness implies that each circle is randomly
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 3.2: Meshed composite geometry with volume fraction randomness
(top row) and meshed composite geometry with spacial randomness
(bottom row): (a) PC-VR (b) SP-VR (c) HP-VR (d) HPR-VR (e) PC-SR-C
(f) PC-SR-UC (g) SP-SR-C (h) SP-SR-UC. Blue and pink regions in the
geometry models are different materials and the white regions are hollow.

assigned within each quarter with minimum spacing between circles to be

held at 1/2 of circle radius, while uncontrolled randomness implies that

only the minimum spacing constraint of 1/2 of circle radius exists.

Plate with circular cutout models

Plate with cutout designs are widely used in mechanical industries, for

example airplane cabin window and screw-bolt designs. Under externally

applied loads, plate with a cutout experiences high stress concentrations

in the vicinity of the cutout. These high stress regions are candidate for

localized damage and failure under external loads, and largely affect the
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mechanical performance of structures.

A range between 5% to 25% for volume fraction is considered for circular

cutout models due to relatively small cutout size. Sample meshed models

are shown in Figure 3.2(a).

In addition to volume fraction, the spatial arrangement of cutout regions

in the micromechanical models has a significant factor on the mechanical

properties. To investigate Neural Network’s performance on models with

different spatial arrangements, we consider four random cutouts with

controlled and uncontrolled randomness, as shown in Figure 3.2(e,f).

Fiber reinforced polymer composite micromechanical models

Fiber reinforced polymer composite (FRPC) materials are widely used

in aerospace, automotive, marine and construction industries due to its

higher strength comparing to pure polymer matrix. FRPCs typically con-

sist of two parts: stiff reinforcing fibers and a less stiff binding matrix. In

this paper, we choose FRPCs as a model system. One key design feature

in FRPCs is the fiber volume fraction Vf, which contributes directly to

their mechanical properties. Fibers within FRPCs typically have diameters

in the range of few micro meters, for example, carbon fibers are approx-

imately 6 µm in diameter. Since a structure made of composite is in the

order of few meters, representing each fiber in a computational domain

is not practical. Often, we resolve to micromechanics for analyzing such

composites.
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In micromechanical analysis of composites, a large composite domain can

be represented by arrays of small repeating unit cells (RUC). Here, we

consider two RUCs: square packed and hexagonal packed models of fibers

embedded in matrix with fibers having their actual diameter and the entire

fiber-matrix domain has a fiber volume fraction equal to that of the macro

scale composite domain. Thus, the micromechanics models are in the

order of micrometers while effectively capturing the mechanical behavior

of large composites. Square-packed RUC of FRPCs has fiber in the center

and a square-shaped matrix surrounding it as shown in Figure 3.2(b),

while hexagonal packed RUC has a full fiber in the center and four quarter

fibers in each corner of the square matrix domain as shown in Figure 3.2(c).

For validation purposes, we simply assume hexagonal packed composite

to be a square shaped domain as in the case of a square fiber packed

model. Fiber volume fraction of 40% to 60% are most common in real

FRPC materials. Hence for this paper, we consider the same volume

fraction range to generate RUC models with random fiber diameters.

Similar to plate with random cutout model, to account for the effects of

spatial arrangement, we further consider square packed composites with

randomly distributed fibers as shown in Figure 3.2(g,h).

Hollow Particle Reinforced Composite

Hollow particle reinforced composites, also referred to as syntactic foams,

are gaining traction in lightweight applications due to their low den-



18

sity, high compressive energy absorption capability and large strains to

failure[13, 122, 40, 64]. Syntactic foams typically consist of stiff hollow

particles (often at the micro-scale) randomly dispersed in a softer matrix

region, which results in lightweight closed cell foams. A unit cell represen-

tation of hollow particle reinforced composite consists of a square block

with circular cutout and a thin reinforced ring layer at inner surface of

the cutout that represents the cut section of a reinforcing particle. The

reinforced layer is typically made of stiffer materials, like glass or ceramics,

as shown in Figure 3.2(d).

We choose the wall thickness of the reinforcing ring to be approximately

1/22.5 of the inner diameter (hole diameter) based on prior experimental

research performed by Jayavardhan et al.[64]. In this paper, we consider

the volume fraction of the cutout region to be in the range from 40% to

60% with a ring thickness of 0.18 µm.

Finite Element Analyses for Training Data Generation

All the domains mentioned above are 2D plane stress models with the

same external dimensions. Linear elastic mechanical properties of poly-

mer matrix (E = 3.2 GPa,υ = 0.31)[71] are assigned, which are typical of

epoxy resin used in fiber reinforced polymer matrix composites. For rein-

forced composites, linear elastic carbon fiber properties (E = 8.0 GPa,υ =

0.35)[110, 111, 112, 130] in the plane perpendicular to the fiber direction

are assigned. The external boundaries of each domain are defined as Γ1,
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Γ2, Γ3 and Γ4, respectively, for the top, left, bottom and right edges. The

boundary conditions on each boundary is described below in terms of hori-

zontal (u) and vertical (v) displacements as Equation 3.1. Essentially, each

model is subjected to a positive displacement along the vertical direction

subjecting them to compression.

v = −0.1 µm on Γ1

u = 0 on Γ2

v = 0 on Γ3

u = constant on Γ4

(3.1)

Using the above mentioned inputs to each domain, we perform mesh

convergence analysis to determine the maximum (max) mesh size that

provides converged stress predictions. From this analysis, we identify

that the hollow particle reinforced composite model requires a max mesh

size of 0.2 µm and the other three models require a max mesh size of

0.3 µm. By assigning material properties along with above-mentioned

boundary conditions, we generate stress distribution contours using FEM

static solver.

3.4 Difference-based Neural Network

Framework

An Encoder-Decoder Neural Network[20] is typically trained using geom-

etry and stress contours directly as inputs. Past researchers have demon-
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strated that embedding residual learning into Encoder-Decoder structure

can significantly improve the accuracy of prediction. Nie et al.[102] pro-

posed Stress-Net structure based on residual learning algorithm, which

was shown to improve the accuracy of stress distribution prediction. How-

ever, the existing Stress-Net structure does not provide high prediction

accuracy when localized high stresses exist, like stress concentration, es-

pecially within composite materials. In this paper, a novel NN structure is

developed that embeds engineering and statistical knowledge for stress

prediction. During engineering design iterations, engineers typically use

an initial design as the reference model and then refine the subsequent

designs. Similar to this idea, a known geometry model and corresponding

stress distribution contour are chosen as the reference model when training

the target NN. Then, the differences between different geometry contours

are used to guide NN to focus on training stress difference contours σ.

We refer to this as a Difference-based Neural Network (DiNN) structure

shown in Figure 3.3. The DiNN structure consists of three modules: sam-

ple processing, Encoder-Decoder and stress prediction. Difference-based

Neural Network with normalization (DiNN-N) is built upon DiNN by

adding additional normalization and de-normalization blocks (orange

color). Further, Difference-based Neural Network with normalization and

clean module (DiNN-NC) is developed based on DiNN-N structure by

adding two additional clean modules (blue color).
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Figure 3.3: Difference-based Neural Network Framework: sample pro-
cessing module (red dash line), Encoder-Decoder module (green dash
line), stress prediction module (blue dash line). Two orange blocks are
added for DiNN-N structure and two blue blocks are added in addition
for DiNN-NC structure.

Sample processing module

Sample processing module mainly extracts geometry and stress contour

information from the training data. Mean geometry and stress contours

across training models are extracted as reference sample (labelled as Ref

Geometry and Ref Stress). Geometry difference contours, stress difference

contours and mean stress contours are used further for training the NN.

To avoid covariate shifting and improve training efficiency, a pair of nor-

malization and denormalization modules are added. Denormalization

module is defined in section 3.4. Normalization block is developed based

on Min-Max feature scaling function[72] described in Equation 7.2, where
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G refers to the labelled geometry difference contour.

Normalization : output = input − min(G)

max(G) − min(G)
(3.2)

Encoder-Decoder module

Encoder-Decoder module consists of three types of blocks: Conv-SE (yel-

low), ResNet-SE (purple) and DeConv (red) blocks: (1) Each Conv-SE

block, as shown in Figure 3.4(a), consists of one 2D convolutional layer

with ReLU and Batch-normalization, and one Squeeze-and-Excitation

(SE) block[57]. The convolutional layer extracts high level key features

of geometry difference contours and SE block adaptively re-calibrates

channel-wise feature responses by modelling inter-dependencies between

different channels. (2) ResNet-SE block is constructed based on ResNet

architecture and consists of two convolutional blocks and one SE block

to enhance the extracted inter-dependent high level features, as shown

in Figure 3.4(b). (3) DeConv blocks follow ResNet-SE blocks, and each

consist of one 2D deconvolutional layer[151] with Batch-normalization,

as shown in Figure 3.4(c). The DeConv blocks expand key features and

finally back to the original input dimensions. Since the differences between

the original and mean contours generally have a zero mean and certain

variations, we assume that it follows a Gaussian distribution, and hence

use Glorot initialization for weight initialization[150].
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(a)

(b)

(c)

(d)
Figure 3.4: Inner structures of (a) Conv-SE block; (b) ResNet-SE block; (c)
Deconv block; (d) Stress processing block
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Stress prediction module

Stress prediction module shown in Figure 3.3 follows the Encoder-Decoder

module. The De-normalization block reverts the effect of normalization,

as defined in Equation 3.3. Here, σ represents the stress difference con-

tour. A stress processing block is added after the De-normalization block,

which generates the predicted stress contours as shown in Figure 3.4(d). It

consists of one dense block for combining the predicted stress differences

(input) and the reference stress contour, followed by 2D De-Convolution

block to smooth the prediction. The kernel size of the De-convolution

layer is selected based on the uniformity in stress distributions. A kernel

size of [2,2] is used for the De-Convolution block if large stress concen-

trations occur (DiNN-NC) and a kernel size of [1,1] is used otherwise

(DiNN-N). Using [2,2] kernel size is beneficial in models with large stress

concentrations as the differences between pixel values are higher. Here,

we consider that large stress concentration exists if the stress ratio defined

as Rσ = σmax/σmean is larger than 2.

Denormalization : output = input ∗ (max(σ) − min(σ)) + min(σ) (3.3)

Clean module (Only for geometry with cutout region)

For geometric models that have regions of no material, like in the case of

plate with circular cutout model and hollow particle reinforced model,

varying the size or position of the cutout regions can introduce undesired
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negative values during subtraction with the reference contours (refer to

section 3.5). Hence, we introduce an additional module called “clean

module”. This module performs element-wise multiplication between

the target contour and material contour M, whose regions with material

are labelled as ’1’ and regions without material (cutout) as ’0’. The mul-

tiplication can be represented with Hadamard product[131] shown in

Equation 3.4, manually forcing regions without material to be zero val-

ued. Here, Aij represents the input contour and Cij represents the output

contour after passing through the clean module.

Cij = (A ◦M)ij = AijMij (3.4)

Mij =

{
1, if material exists at a node
0, if material is absent at a node

DiNN-N versus DiNN-NC

The key difference between DiNN-N and DiNN-NC is the addition of a

clean module within DiNN-NC. Specifically, DiNN-N structure can be

viewed as a special case of DiNN-NC, where the material contour M in

Equation 3.4 is a matrix with all-ones as no cutout region exists. Besides,

to account for the presence of a clean module, we choose difference kernel

sizes, as discussed in section 3.4.
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3.5 Interpolation on Cartesian Map

Data Pre-processing: Barycentric Coordinate Interpolation

Meshed geometries and corresponding stress contours are used for train-

ing and evaluating different NN frameworks. Each training sample has a

unique shape due to geometry randomness considered, resulting in differ-

ent meshes in the domain. This poses difficulty for NN training. To render

the geometry as well as stress contour trainable for NN, these contours

are further interpolated onto a global Cartesian Map (CM), such that all

contours have the same size. CM has the same dimensions as that of the

geometric models, which are 10 µm-by-10 µm.

Triangulation-based linear interpolation[4] is widely used for map-to-map

interpolation due to its simplicity and efficiency. With known position

of each node in the CM, this algorithm searches for three nearest nodes

in the original FEM mesh to form a triangle. This could introduce large

artificial errors due to matrix illness in FEM meshed models when com-

plex boundaries or stress concentrations are present that may require

non-uniform mesh with smaller mesh size. To avoid this in the DiNN

framework, we use Barycentric Coordinate (BC) system[55], also known

as area coordinates, which normalizes each axis and generates homoge-

neous coordinates. Due to this characteristic, BCs are extremely useful in

rendering the interpolation more stable within triangular sub-domains.

BC can accurately determine nodal location with respect to triangular
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mesh, as well as interpolation coefficient with three vertices. Each node

in the CM is projected onto FEA mesh model to find the triangle it falls

within. Then, the target value of each node on the CM is calculated using

corresponding values of three vertices of the triangle. Relative positions

between a node and a triangle are determined by three Barycentric pa-

rameters λ1, λ2, λ3, which are determined using Equation 3.5. Here, {xi,yi}

represents the coordinate of each vertex of the triangle and {x,y} represents

the coordinate of a target node on the CM.

λ1 =
(y2 − y3)(x− x3) + (x3 − x2)(y− y3)

(y2 − y3)(x1 − x3) + (x3 − x2)(y1 − y3)
(3.5a)

λ2 =
(y3 − y1)(x− x3) + (x1 − x3)(y− y3)

(y2 − y3)(x1 − x3) + (x3 − x2)(y1 − y3)
(3.5b)

λ3 = 1 − λ1 − λ2 (3.5c)

Interpolated nodal values on the CM can be determined by Equation 3.6:

S = λ1S1 + λ2S2 + λ3S3 (3.6)

where, S is the nodal value on the CM containing geometry label or phys-

ical information like stress. Si is the ith nodal value of the triangular

element within which the node on the CM falls.

Next, we perform a comparison between von-Mises stress contours ob-

tained using linear interpolation (with nearest three nodes and nearest

five nodes) and Barycentric coordinate interpolation on a square packed

model. It is observed that the nearest three nodes linear interpolation
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generates negative values, while nearest five nodes linear interpolation

also manifests several noisy points with minimum stress approximately

equal to zero. On the other hand, BC interpolation does not cause illness

and singularity, and successfully represents the stress distribution contour

and stress ranges after interpolation.

In addition to the interpolation method, CM density is a key factor that

contributes towards interpolation values. To ensure that the CM cap-

tures important statistical features of the geometry and stress distribution

contours, we perform stress interpolation analysis to establish the CM

density that gives reasonable interpolation accuracy and efficiency. From

this analysis, we observe that the interpolation accuracy increases with

increasing CM density, while the interpolation speed decreases. To strike

a balance between accuracy and efficiency, especially accounting for large

sample sizes, we select a CM density of 79-by-79, which has the shape of

80-by-80 after converting to nodal matrix. Such CM density can provide

an interpolation accuracy above 99% in max stress and a reasonable inter-

polation speed of 26 samples/minute. Examples of geometry and stress

contour interpolation onto CM for PC-VR and SP-VR models are shown in

Figure 3.5.

Statistical Property Analysis

As compared to the existing Stress-Net structure, the objective of our

proposed DiNN structure is to improve the accuracy of prediction based
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(a) (b)

(c) (d)

Figure 3.5: Geometry contour labelling and Stress interpolation from FEA
output to Cartesian Map for PC-VR (a and b) and SP-VR model (c and d).

on a reference data set and render the training process more statistically

stable. To that end, we calculate the mean and skewness in the training

samples by considering a subset of the data points in the regions where

the geometry of the models change, that is in the vicinity of cutout or fiber.

We consider nine points (A-I) in this region and calculate skewness values

based on Pearson’s second skewness coefficient shown in Equation 3.7

[74].

skewness =
3(mean − median)
standard deviation (3.7)

Skewness in training data can cause imbalance problem and eventually

reduce the prediction accuracy of NN by introducing unbalanced data [62,

91]. There are typically two ways of reducing skewness: 1) model-oriented

(reduce skewness in the structure) and data-oriented (reduce skewness by
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pre-processing)[132]. To reduce the skewness in data, element-wise root

operation on the training samples is performed for positive skewed data

and element-wise power is used to deal with negative skewed data[30].

In this section, we use three models for illustration: PC-VR, SP-VR and

PC-SR.

Since geometry labels are constant for individual regions of heteroge-

neous media, nodal stress values are the main source of skewness. DiNN

structures make the training data more zero centered and symmetric. For

models with cutout, DiNN-NC reduces the max-min range that can in-

crease due to the presence of cutout region. DiNN-NC is more effective

for models with significant stress concentration near the cutout edges.

For SP-VR, since DiNN only performs mean contour subtraction (a lin-

ear operation), the data has a zero mean value and skewness value will

not change. For PC-VR and PC-SR-UC models, by adding clean module

within DiNN, DiNN-NC alters the statistical properties for cutout regions,

resulting in few nodes with non-zero mean values. On the other hand,

clean module switches all skewness values to positive as compared to the

original sample. This helps in improving the accuracy of DiNN prediction,

and facilitate further steps to reduce the effect of skewness if needed.
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3.6 Machine Learning Model Inputs

As discussed in the previous section, both nodal stress contours and geom-

etry contours for different models are interpolated onto CM for training

the NN. Unique labels are assigned to each region, including cutout region,

fiber region, particle ring region and matrix region. In this paper, same

boundary conditions and loads are maintained in all analyses, and hence,

the effects of boundary condition labelling are not discussed.

To train the NN and test its performance, we randomly generate a total

of 2000 samples for each model based on different cutout or fiber volume

fractions. When training for each model, the total samples are randomly

split into 80% for training with 10% for cross-validation and 10% for testing.

Random split seed is controlled based on the pseudorandom number

generator[92] developed in scikit-learn[107] for comparison purposes.

Geometry labelling method

To identify different regions in each model and facilitate machine learning

process, we need to assign different labels to each region. Overall labelling

method is summarized in Equation 3.8, where Gij represents the label for

a target geometry,
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Gij =


0, if any material is absent at CM node

1, if matrix material exists at CM node

2, if reinforcement material exists at CM node

(3.8)

Analyzing the Effect of Skewness

We previously discussed the effect of skewness in training data on the

prediction accuracy of NN in section 3.5. We noticed that all the skewness

values become positive after adding the clean module to DiNN. To deter-

mine the optimal solution for reducing the effect to positive skewness and

enhancing the prediction accuracy, we introduce a skewness correction

factor p. By considering different root ’p’ over the stress contour values

prior to training the NN, our goal is to reduce the influence of skewness

on the accuracy of prediction. Element-wise root values are calculated

before extracting the mean stress contour and correspondingly element-

wise power is introduced after obtaining the prediction from the Deconv

block. The predicted stress contour can be expressed using Equation 3.9a,

where the original input geometry contour to the NN is G, NN(w,b) is

the NN with parameters w and b. σaverage is the average stress contour

used as the reference contour during training, which is calculated using

Equation 3.9b. Different values of p are considered for investigating the

hidden relationships within DiNN using HP-VR model.
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σoutput,ij = [(G ∗NN(w,b))ij + σaverage,ij]
p (0 < p ⩽ 1) (3.9a)

σaverage,ij =
1
N

N∑
n=1

p
√
σn,ij (3.9b)

3.7 Results and Discussion

We construct NN frameworks within Tensorflow 2.0.0 and train it on GPU

as discussed in section 4.2. To test the prediction capability of different

NN frameworks for eight different geometric models considered, we use

the Stress-Net structure for comparison. The accuracy of stress prediction

within each component of composite materials, NN training duration and

training loss are used for evaluating each model.

Prediction error definition

We evaluate the prediction accuracy of max stress based on the max stress

error rate (MER) as defined in Equation 3.10a and evaluate the training

loss based on the mean squared error (MSE) in stress prediction as defined

in Equation 3.10b. Here, N is the total number of samples in the testing

set and n is the total number of nodes in the CM. Yi is the nodal stress

predicted using the NN and Ŷi is the ground truth nodal stress mapped

onto the CM from FEA. Yi,j and Ŷi,j represent the jth nodal stress values in
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ith sample obtained from the NN and FEA, respectively. MER estimates

the maximum stress prediction error within a model, which is relevant

for evaluating composite model’s fracture or plasticity initiation. MSE

evaluates the accuracy of the stress distribution contour prediction in

the entire model, which is important for estimating effective properties,

such as the effective stiffness. Training accuracy and efficiency of different

NN structures on eight geometric models considered in this paper are

summarized in Section 3.7.

MER =
1
N

N∑
i=1

|max(Ŷi) − max(Yi)|

max(Ŷi)
× 100% (3.10a)

MSE =
1
N

N∑
i=1

(
1
n

n∑
j=1

(Yi,j − Ŷi,j)
2
) (3.10b)

Neural Network prediction results

We evaluate different NN frameworks, including a baseline model (Stress-

Net) and three types of difference-based structures developed by us:

DiNN, DiNN-N and DiNN-NC, on all geometric models considered in

this paper. DiNN-NC structure was used only when cutout region exists

in the target geometry.

We train each NN framework with a total of 1000 and 2000 samples sep-

arately, and use stochastic gradient descent (SGD)[11] as the optimizer

with learning rate set as 0.001. We choose the training epoch number and

steps when prediction accuracy has converged. Figures 3.6 to 3.9 show
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examples of predicted stress contours compared to that generated by FEA

for each geometric model as well as the errors (MER and MSE) and train-

ing duration while considering 1000 total number of samples. Prediction

results for 1000 total samples are used for illustration purposes. Based

on the training results obtained from these eight geometric models, we

conclude the following:

1. Prediction accuracy for models without cutout regions:

• Table 3.1 shows the prediction performance comparing DiNN-N

and baseline model Stress-Net for 1000 samples. We observe that

DiNN-N increases the prediction accuracy in both MER and MSE for

SP-VR and HP-VR models. Figures 3.6 and 3.7 show the predicted

stress contours and the difference between NN prediction and FEA.

In Figures 3.6(b) and 3.7(b), we observe large stress differences in

Stress-Net prediction (in dark red and blue) while this difference is

reduced when DiNN-N is used for both models.

Table 3.1: Prediction error rate of 1000 samples for models without cutout
regions

Prediction Error comparing to Baseline SP-VR composite HP-VR composite
DiNN-N DiNN-N

Fiber MER reduction 38% 41%
Matrix MER reduction 20% 43%

Contour MSE reduction 21% 15%

• In general, DiNN-N significantly reduces the max stress error rate

in both fiber and matrix, as well as lowers the MSE value compared
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(a) (b)

Figure 3.6: SP-VR model: (a) Comparison of DiNN-N prediction and FEA
stress output (b) Comparison of difference in predicted stress distribution
of Stress-Net and DiNN compared to FEA stress output

(a) (b)

Figure 3.7: HP-VR model: (a) Comparison of DiNN-N predicted and FEA
stress output contours (b) Comparison of difference in predicted stress
distribution of Stress-Net and DiNN compared to FEA stress output

to the baseline model. Hence, our proposed DiNN-N structure is

shown to be a better structure for stress prediction in composite

models without cutout region.

2. Prediction accuracy for models with cutout regions:

• Table 3.2 shows the prediction performance comparing DiNN-N,

DiNN-NC and baseline model Stress-Net for 1000 samples. DiNN-

NC is proposed for models with cutout and severe stress concentra-

tion. Here, we show that DiNN-NC improves the performance in



37

such cases. That is, for PC-VR composite model, DiNN-N reduces

MER, however, MSE value increases compared to the baseline model.

This is attributed to extra noise from cutout region during mean

contour subtraction. By adding the clean module, DiNN-NC man-

ifests the lowest MER and MSE values with significant reduction

compared to the baseline model. For HPR-VR composite model, pre-

diction accuracy of DiNN-N for maximum stress in the ring region is

worse compared to baseline model due to severe stress concentration

(Rσ > 4) around cutout and within the ring (particle) region. The

negative influence of noise in the cutout region is more significant as

compared to the PC-VR model. Hence, by introducing the clean mod-

ule, DiNN-NC shows higher prediction accuracy. Figure 3.8(b) and

Figure 3.9(b) similarly show that DiNN-NC significantly reduces

large prediction differences in stress distribution as highlighted by

dark red and blue colors compared to baseline and DiNN-N models.

Table 3.2: Prediction error rate of 1000 samples for models with cutout
regions (red color means worse prediction comparing to baseline)

Prediction Error comparing to Baseline PC-VR composite HP-VR composite
DiNN-N DiNN-NC DiNN-N DiNN-NC

Ring MER reduction — — -1% 39%
Matrix MER reduction 46% 76% 6% 75%

Contour MSE reduction -105% 86% -142% 89%

• In general, we have shown that DiNN-NC structure has the best

performance in terms of accurate stress prediction compared to

Stress-Net (baseline) and DiNN-N for heterogeneous media with dis-
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(a) (b)

Figure 3.8: PC-VR model: (a) Comparison of DiNN-NC predicted and
FEA stress output contours (b) Comparison of difference in predicted
stress distribution of Stress-Net and DiNN compared to FEA stress output

(a) (b)

Figure 3.9: HPR-VR composite: (a) Comparison of DiNN-NC predicted
and FEA stress output contours (b) Comparison of difference in predicted
stress distribution of Stress-Net and DiNN-NC compared to FEA stress
output

continuities, especially when significant stress concentrations exist

(Rσ > 2).

3. Prediction accuracy for models with spatial randomness:

• Table 3.3 shows the prediction performance comparing DiNN-N,

DiNN-NC and Stress-Net baseline model for test models with spa-

tial randomness. Within this category, the performance of DiNN

frameworks (DiNN-N, DiNN-NC) compared to baseline model is
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mixed. For SP-SR models (SP-SR-C and SP-SR-UC), DiNN-N per-

forms better compared to baseline model except in the case of fiber

MER. That is, the fiber MER is relatively larger for uncontrolled

randomn SP-SR model. As for PC-SR models (PC-SR-C and PC-SR-

UC), the prediction performance of DiNN-NC is worse in terms of

MER, but better in terms of MSE, for both controlled spatial random-

ness and uncontrolled spatial randomness. This is attributed to the

concept of reference contour representing an initial guess of stress

distribution contour within our approach that gives a general guide-

line to stress distribution contour. In that case, if our model has large

spatial randomness, the reference contour cannot fully represent

the geometric variations and highlight the key areas, thus posing

additional challenge in predicting the difference stress contour and

adversely affecting the MER. For square packed model, since no

cutout or severe stress concentration exists, advantages of reference

contour as initial guideline plays a positive role. Whereas, for PC-SR

models, cutout regions and localized stress concentration are aver-

aged over the reference contour, which makes the stress difference

contour more unbalanced. Hence, this results in poor performance

of DiNN-NC for plate with cutout models with spatial randomness

which requires further analyses and is beyond the scope of this paper.

Figure 3.10(b) and Figure 3.11(b) highlight the prediction difference

(error) of baseline model Stress Net and DiNN-NC with respect to
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corresponding FEA predictions shown in Figure 3.10(a) and Fig-

ure 3.11(a), respectively, corroborating that DiNN-NC has much

lower prediction MSE.

Table 3.3: Prediction error rate of 1000 samples for models with spatial
randomness (red color means worse prediction comparing to baseline)

Prediction Error comparing to Baseline PC-SR composite SP-SR composite
DiNN-N DiNN-NC DiNN-N

Controlled
randomness

Fiber MER reduction — — 47%
Matrix MER reduction -72% -23% 13%

Contour MSE reduction -112% 60% 28%

Uncontrolled
randomness

Fiber MER reduction — — -10%
Matrix MER reduction -173% -38% 12%

Contour MSE reduction -494% 45% 17%

(a) (b)

Figure 3.10: PC-SR-C: (a) Comparison of DiNN-NC predicted and FEA
stress output contours (b) Comparison of difference in predicted stress
distribution of Stress-Net and DiNN-NC compared to FEA stress output

• To summarize, with limited data size, DiNN frameworks enhance

MSE in their prediction for all models but could have larger MER

in certain models and certain areas compared to baseline model.

Further research is needed for investigating solutions to address this

challenge in spatially random models.

4. Comparison of training and prediction duration between NN frame-
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(a) (b)

Figure 3.11: PC-SR-UC: (a) Comparison of DiNN-NC predicted and FEA
stress output contours (b) Comparison of difference in predicted stress
distribution of Stress-Net and DiNN-NC compared to FEA stress output

works: Baseline model Stress-Net in general has lower training dura-

tion compared to DiNN structures presented in this paper. This is

because the difference-based structures are built based on Stress-Net.

DiNN frameworks only have marginally longer training duration

in a reasonable range. We observe that DiNN increases the train-

ing duration by ≈27% and DiNN-NC increases the training dura-

tion by ≈58%, which is around 200 seconds more for 800 samples.

Among the DiNN structures presented in this paper, adding DiNN-

N marginally reduces the training duration as it forces the input and

output of the Encoder-Decoder module to stay within similar limits.

On the other hand, adding the clean module (DiNN-NC) introduces

additional computational cost. However, it should be noted here that

the NN training stage is only for establishing the parameters and

is a one-time event. Whereas, the prediction duration per sample

for DiNN-N and DiNN-NC is on average only 0.2 seconds more
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compared to Stress-Net.

5. Comparison of prediction duration between proposed NN and FEM:

The goal of substituting FEM with NN is to accelerate the speed

of stress prediction. Our DiNN frameworks (DiNN-N, DiNN-NC)

have similar prediction speed as the baseline model, while both

frameworks are in average more than 6 seconds faster for making a

single prediction compared to FEM. The time saving is significant for

micromechanical models and the prediction efficiency of DiNN will

become more significant as model becomes increasingly complex or

more design iterations are required to be tested.

3.8 Conclusions

In this paper, we have presented a novel NN framework as a surrogate

for traditional FEM approach to predict stress distribution in heteroge-

neous media, like composite materials. Our approach consists of a set

of DiNN frameworks capable of predicting stress distributions with very

high accuracy for different types of composite materials. Two main types

of composites are considered: models with volume fraction randomness

and models with spatial randomness. Eight different composite microme-

chanical models were considered for validating the performance of our

NN structures. For models with volume fraction randomness, the pro-

posed DiNN structure included a normalization module (DiNN-N) for all
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geometries considered, while we additionally introduced a clean module

with DiNN-N, named DiNN-NC, for geometries with discontinuities.

For models with spatial randomness, DiNN frameworks perform well

in terms of prediction MSE, but can have mixed performance in terms

of MER. Further research effort is needed to resolve unstable MER for

spatially random distributed models.

The DiNN frameworks presented in this paper for stress prediction in

heterogeneous media can be used in future studies including mechanical

property prediction and composite structure optimization at multiple

length scales.

Key contributions of this paper are:

1. This is the first attempt to our best knowledge that brings Convolutional

Neural Network based Machine Learning for stress distribution pre-

diction for heterogeneous media like composite materials considering

volume fraction and spatial randomness.

2. We introduce a novel Difference-based Neural Network framework

which utilizes a set of reference models from the training set and fo-

cuses especially on training the difference contours between the target

model and the reference set. This is shown to improve stress prediction

accuracy when high stress concentrations manifest within heteroge-

neous media, with or without discontinuities like cutouts.

3. We show that the Difference-based Neural Network framework im-

proves the stress prediction accuracy significantly compared to existing



44

baseline structures, especially on models with volume fraction ran-

domness and large local stress concentrations. For models with spatial

randomness, our framework guarantees a reliable prediction in terms of

Mean-Squared-Error. Moreover, our proposed framework has a faster

prediction speed compared to traditional Finite Element Method.



45

4 parameterization-based neural network:

predicting non-linear stress-strain response of

composites

Haotian Feng, Pavana Prabhakar, Parameterization-based Neural Net-

work: Predicting Non-linear Stress-Strain Response of Composites, arXiv

preprint arXiv:2212.12840 (2022).

Abstract

Composite materials like syntactic foams have complex internal microstruc-

tures that manifest high-stress concentrations due to material discontinu-

ities occurring from hollow regions and thin walls of hollow particles or

microballoons embedded in a continuous medium. Predicting the me-

chanical response as non-linear stress-strain curves of such heterogeneous

materials from their microstructure is a challenging problem. This is true

since various parameters, including the distribution and geometric proper-

ties of microballoons, dictate their response to mechanical loading. To that

end, this paper presents a novel Neural Network (NN) framework called

Parameterization-based Neural Network (PBNN), where we relate the

composite microstructure to the non-linear response through this trained

NN model. PBNN represents the stress-strain curve as a parameterized

https://arxiv.org/abs/2212.12840
https://arxiv.org/abs/2212.12840
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function to reduce the prediction size and predicts the function parame-

ters for different syntactic foam microstructures. We show that compared

to several common baseline models considered in this paper, the PBNN

can accurately predict non-linear stress-strain responses and the corre-

sponding parameterized functions using smaller datasets. This is enabled

by extracting high-level features from the geometry data and tuning the

predicted response through an auxiliary term prediction. Although built

in the context of the compressive response prediction of syntactic foam

composites, our NN framework applies to predict generic non-linear re-

sponses for heterogeneous materials with internal microstructures. Hence,

our novel PBNN is anticipated to inspire more parameterization-related

studies in different Machine Learning methods.

4.1 Introduction

This paper presents a Neural Network (NN) framework for predicting the

non-linear stress-strain behavior of heterogeneous materials like compos-

ites under mechanical loading. We relate the composite microstructure to

the non-linear response through this trained NN model. In particular, we

build this framework in the context of the compressive response prediction

of polymeric foams called ‘syntactic foams’ with their microstructure as

the inputs. Syntactic foams have complex internal microstructures with

high-stress concentration regions and macroscale non-linear compressive
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stress-strain responses, making them more challenging to understand

and predict their stress-strain responses. In that direction, the NN pre-

sented in this paper applies to predicting generic non-linear responses for

composites with internal microstructures.

Syntactic foams, specifically polymer ones, are closed-cell composite foams

with hollow spheres or particles called ‘microballoons’ embedded in a poly-

mer matrix. The presence of hollow spheres results in several excellent me-

chanical properties, including lower density, higher specific strength, lower

thermal expansion coefficient, and lower moisture absorption[45, 41]. Due

to these properties, syntactic foam materials are widely used as buoyancy

materials for marine applications as a component of sea-related products

and offshore products[21, 47]. Moreover, syntactic foams have been ex-

tended to other applications like the aerospace and automotive industry.

For effective design and optimization, such extended applications require

an in-depth understanding of their mechanical properties, especially the

stress-strain responses.

Past researchers have focused on understanding the mechanical prop-

erties of syntactic foams through experimental testing and numerical

studies. Gupta et al.[46] performed compression tests and showed that

compressive strength and modulus would increase when the microbal-

loon radius decreases. Shahapurkar et al.[123] experimentally showed

that compressive strength decreased with increasing cenosphere volume

fraction for both modified and unmodified surfaces. Moreover, the au-
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thors showed a reduction in the compressive modulus but an increase in

the compressive strength for arctic-conditioned samples. Jayavardhan et

al.[65] conducted quasi-static compressive testing of glass microballoon

reinforced high-density polyethylene syntactic foams with different densi-

ties. The authors showed that the compressive modulus increased as the

microballoon volume fraction increased, but the yield strength, densifi-

cation stress, and overall energy absorption were reduced. Exploring the

influence of many parameters of syntactic foams experimentally is chal-

lenging and time-consuming. Thus later, Prabhakar et al.[109] developed

the computational modeling to establish a fundamental understanding of

densification mechanics of polymeric syntactic foams under compressive

loading accounting for microballoon volume fraction, microballoon wall

thickness, bonding between the microballoons and the matrix, and the

crushing strength of microballoons. The authors further utilized multiple

linear regression to understand the influence of structural and material pa-

rameters on its densification properties. Wang et al.[139] investigated how

the strength distribution of a batch of hollow glass microspheres (HGM)

influences the compression strength of syntactic foams. The authors dis-

covered that the compressive strength of syntactic foams improved with

an increase in HGM’s strength.

The above research explored the syntactic foam composite’s time-independent

(quasi-static) mechanical properties. However, analyzing how mechani-

cal properties of syntactic foam composite change under different strains
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or loading rates is also essential, i.e., the strain-dependent (dynamic) me-

chanical properties. Woldesenbet et al.[148] analyzed the effect of density

and strain rate on the properties of syntactic foam and showed a consid-

erable increase in peak strength of syntactic foams for higher strain rates

and higher density. Song et al.[128] investigated the dynamic compres-

sive properties of an epoxy syntactic foam at various strain rates under

lateral confinement with a split Hopkinson pressure bar. The authors

discovered that the quasi-static and dynamic stress-strain behavior has an

elastic-plastic-like shape, whereas an elastic-brittle behavior was observed

under uniaxial loading. Li et al.[83] experimentally analyzed the com-

pressive responses of glass microballoon epoxy syntactic foams within

a range of strain rates. The authors combined testing results with finite

element stress analysis to determine the foam’s localized damage and

failure modes. Shunmugasamy et al.[124] utilized microCT-scanning and

scanning electron microscopy to understand the effect of high strain rate

loading on the deformation and fracture characteristics of syntactic foams

and further understand the strain rate dependence of failure mechanisms.

Zhang et al.[160] investigated the compressive response of epoxy syntactic

foam with strain rate and temperature dependency. The authors also de-

veloped a non-linear phenomenological model to describe the responses

of syntactic foam and its temperature-strain rate equivalence. These works

have shown the different approaches (experimental and analytical) to

obtaining the strain-dependent mechanical properties of syntactic foam
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composites. However, these analyses only focus on limited microballoon

distributions by considering only a few samples. A detailed understanding

of how stress-strain response relates to microballoon properties and distri-

butions is needed to design these syntactic foams effectively. To achieve

this, we will utilize Deep Learning methods to determine how the volume

fraction and wall thickness of randomly distributed microballoons affect

the mechanical properties of syntactic foams.

The emergence of Machine Learning methods facilitates research to pre-

dict the mechanical properties of composite materials with the graph

neural network as an essential tool. Graph Neural Network is developed

based on Deep Convolutional Neural Network[78] (DCNN) and Gener-

ative Adversarial Network[23] (GAN). Researchers have been focusing

on solving engineering design and analysis problems with Graph Neural

Networks, like [165, 67]. Regarding composite materials, Chen et al.[14]

compared how different Machine Learning techniques, like regression

model, DCNN, and Gaussian process, can accelerate the composite mate-

rial design. Feng et al.[31] proposed a Difference-based Neural Network

to enhance the stress distribution prediction within different composite

micromechanical models, especially for models with stress concentra-

tions in the stress distribution contours. Sepasdar et al.[121] proposed

a modified U-Net framework to predict the damage and failure within

microstructure-dependent composite materials. Feng et al.[35] further

proposed a Physics-Constraint Neural Network to understand the forward
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and inverse predictions of woven composite models in the mesoscale.

Besides predicting the linear elastic mechanical properties with Machine

Learning, researchers also utilized Machine Learning to predict the non-

linear constitutive behaviors and mechanical responses of composite ma-

terials, like the entire stress-strain curve. Hashash et al.[51] developed a

Neural Network constitutive model to replace the commonly used inte-

gration procedures in Finite Element Analysis. Then a consistent material

stiffness matrix is derived based on the Neural Network constitutive model

instead of conventional plasticity-based models. This new model leads

to efficient convergence of the Finite Element Newton iterations. Bos et

al.[27] developed a Neural Network-based constitutive model to capture

the elastic-plastic stress-strain curve. The authors proposed to sub-sample

the stress-strain curve at several discrete points and then predicted the

stress values at different discrete strain values. The final curve was ob-

tained by interpolating the discrete points. However, this approach still

needs several discrete points for prediction, and there are errors during

interpolation. Yang et al.[152] combined principal component analysis

(PCA) and convolutional neural networks to predict the entire stress-strain

behavior of binary composite materials. The authors showed that the PCA

could effectively transform the stress-strain curve into a latent space and

the prediction error is less than 10%. Kosmerl et al.[77] proposed a Neu-

ral Network by combining a convolutional neural network and residual

neural network to predict the stress-strain curve for single-walled car-
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bon nanotube configurations. These methods have shown the promising

aspect of Neural Networks in obtaining the non-linear stress-strain be-

haviors of a targeting model. However, one key drawback of the above

methods is that we need a large training dataset to better predict and

represent the latent space features. Such massive training datasets are

usually extremely challenging to generate as they come from experiments

or numerical simulations.

In this paper, we propose a Parameterization-based Neural Network

(PBNN) where we represent the non-linear stress-strain response of the

chosen composite (here hollow particle reinforced geometries) with a

parameterized function space. The parameters in the function can be

different for different stress-strain curves. Then, we utilize the concepts

of self-supervised learning[69] and transfer learning[143] to effectively

extract the latent features from the composite geometric model using an

Encoder-Decoder Neural Network. The key benefits of our approach are:

1. We use an Encoder-Decoder Neural Network for latent feature extrac-

tion from composite geometries (named Feature Extraction module).

This Feature Extraction module reduces the input dimension from a

256-by-256 image to a 128-by-1 vector, simplifying the following Neu-

ral Network prediction task. It is easier to generate different matrices

to represent the composite geometries, while it is time-consuming to

solve each model numerically.
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2. We use a parameterized representation of the stress-strain curve

to capture the shape of the true stress-strain response. Otherwise,

we usually need a ‘physically meaningful’ or higher-order smooth

function to represent the stress-strain curve. This parameterized

representation vastly reduces the prediction size as it requires fewer

data during training to achieve a relatively good prediction.

3. We propose a module named ‘Modification module’ that predicts an

auxiliary term to increase the stress-strain curve prediction accuracy.

This Modification module serves as a constraint by predicting an

extra data point on the stress-strain curve. Then it modifies the stress-

strain curve predicted through Neural Network by adding a carefully

constructed polynomial equation.

4. Our proposed PBNN is not limited to the stress-strain curve predic-

tion with a known function but works for other response prediction

problems. For example, we can fit any arbitrary curve with a poly-

nomial function, which will be the targeting parameterized function

for our proposed PBNN.
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4.2 Overview of the Machine Learning

Framework

The PBNN framework consists of two key modules: 1) the Feature Extrac-

tion module and 2) the Curve Prediction module, as shown in Figure 4.1.

The Feature Extraction module extracts a high-level feature vector from

the syntactic foam geometry. Then the feature vector is brought into the

Curve Prediction module, consisting mainly of a Dense module and a

Modification module, to predict the final stress-strain curve. We perform

the Machine Learning training on NVIDIA GeForce RTX 2080 SUPER with

3072 CUDA cores.

Feature Extraction Module

The framework for the Feature Extraction module is shown in Figure 4.2,

which is constructed based on the Encoder-Decoder structure. The En-

coder will extract the high-level features from the input model, and the

Decoder will expand the extracted high-level features back to the input

model. Here the Decoder is needed to train the Feature Extraction Module,

as the loss function of the Feature Extraction Module is defined based

on the input model. The module simplifies the Neural Network training

problem by reducing the complex 256-by-256 image input into a 128-by-1

vector. This feature vector can be treated as a high-level equivalence of

the corresponding input geometry. Then the prediction is simplified into
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Figure 4.1: Overall framework for predicting the non-linear mechanical
responses with PBNN: (1) Orange block is the Feature Extraction module,
which extracts the high-level features (Latent Vector) of the syntactic foam
geometry using an Encoder-Decoder structure. (2) Green block is the
Curve Prediction module, which predicts the stress-strain curve from the
extracted high-level features using a Dense module and a Modification
module.

a problem as predicting the stress-strain curve from a 128-by-1 feature

vector instead of a 256-by-256 image matrix.

Curve Prediction module and Modification module

The Curve Prediction module predicts the stress-strain curve from the

extracted feature vector. This module consists of two main sub-modules:

the Dense and Modification modules. The Dense module consists of three

dense layers. The first two dense layers have 64 neurons at each layer,

with a tanh activation function. A linear activation function follows the
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Figure 4.2: Feature Extraction module framework: the yellow color blocks
belong to the Encoder module, and the blue color blocks belong to the
Decoder module, as shown in Figure 4.1. Light yellow and blue blocks are
convolutional and deconvolutional layers, respectively. The dark yellow
and dark blue colors are the ReLU activation layer. Block ‘conv5’ outputs a
‘Latent Vector,’ the high-level feature vector of the syntactic foam geometry.
It will be further used in the Curve Prediction module.

last dense layer and has a neuron size equal to the prediction size, which

equals the size of function parameters plus one. For example, if the size of

targeting parameters is three, the last dense layer will predict four neurons;

three are function parameters, and the last is the ‘end stress’. The ‘end

stress’ is an auxiliary term that refers to the stress value at the maximum

strain considered (15% strain in this paper). Predicted function param-

eters will determine the initial expression of the stress-strain curve. The

Modification module will utilize the predicted ‘end stress’ to form a ‘Mod-

ification function’, which will be further added to the initial expression to

reconstruct the initial curve by shifting it closer to the true stress-strain
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curve.

The Modification module is a critical component of this prediction frame-

work. By predicting the function parameters, the value of each point on the

curve will be a non-linear function of all coefficients, making it extremely

challenging to add constraints to the values of these points. Moreover, the

shape of the function can be sensitive to given parameters, so adjusting

the function parameters might significantly change the curve shape. Thus,

we need to add additional constraints to the predicted curve but simulta-

neously keep the prediction physically meaningful. So we incorporated

the Modification function to serve as the constraint. The Modification

function can be expressed as Equation 4.1.

g(λ) = (σend − P(λ = 1.15))(λ− 1)2/0.152 (4.1)

Where λ is the principle stretch defined as the ratio of the deformed length

to the undeformed length along the principal axes. When a uniaxial

stress is applied, λ is related to uniaxial strain ϵ as λ = ϵ + 1. σend is

the auxiliary prediction term, denoting the predicted ‘end stress’ from

the dense module corresponding to stretch λ=1.15. P(λ) denotes the

fitting function we choose to represent the stress-strain curve. Detailed

expression of function P(λ) considered in this paper can be referred to in

Section 4.4. P(λ = 1.15) denotes the true value of ‘end stress’ obtained

from the fitting function. The term P(λ = 1.15) ensures the ‘end stress’ of
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the final stress-strain curve matches the predicted ‘end stress’. ‘0.15’ is the

normalization term, representing the maximum strain for the stress-strain

response considered. This normalization term ensures that the g(λ = 1.15)

represents the gap between true ‘end stress’ and predicted ‘end stress’.

This g(λ = 1.15) is effectively pulling the ‘end stress’ of the predicted curve

to the ‘end stress’ of the true curve. Since this normalization term depends

on the maximum strain considered, it needs to be updated accordingly

for a different dataset used. We designed the Modification function as a

quadratic function because the stress prediction error generally increases

as the strain value increases and is easier to construct. The base term

λ − 1 ensures the initial point of the curve is not shifted after adding

the Modification function. When λ=1, there is no change to the final

stress-strain curve. At the ‘end stress’, when λ=1.15, we only end up with

σend − P(λ = 1.15). Then the final stress-strain curve expression will be

F(λ) = P(λ) + g(λ).

4.3 Syntactic Foam Computational Modelling

The syntactic foam micromechanical models are modeled using the Finite

Element Method. A description of computational modeling, including

boundary conditions and materials, is presented in Section 4.3 and 4.3. The

parametric space of syntactic foam models and corresponding stress-strain

curves are shown in Section 4.3.
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Modelling and Boundary Value Problem

This paper considers 2D micromechanical syntactic foam models with

randomly distributed microballoons in a matrix region. All microme-

chanical model dimensions are maintained at 0.295 mm x 0.295 mm, and

the microballoon outer radius is maintained at 0.0225 mm. These mi-

cromechanical models are implemented within Finite Element software

ABAQUS[134] with a mesh consisting of linear plane stress elements

(CPS3 and CPS4). The mesh size is determined through mesh conver-

gence analysis such that results are within 10% of the converged solution

to reach a balance between convergence and computational cost. Since

we have not considered strain-softening material behavior in our models,

there is no pathological mesh dependency.

A schematic representation of the syntactic foam micromechanical model

is shown in Figure 4.3. Here, Ωm represents the matrix region, Ωp repre-

sents the microballoon wall region, and Ωv represents the hollow region or

void inside the microballoons. Γ1−4 are the external boundaries of the mi-

cromechanics domain, and Γi are the interfaces between each microballoon

and the matrix region. The volume fraction of matrix is given by Vm = Ωm

Ω
.

The volume fraction of microballoons, including that of the particle wall

and void, in a syntactic foam composite, is Vmb = 1−Vm =
Ωp+Ωv

Ω
.

Compressive displacement ∆applied is applied on Γ4. Γ1 is fixed from de-

forming only along the y-axis and Γ2 only along the x-axis. A flat boundary

condition is considered on Γ3 to achieve uniform deformation along the
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Figure 4.3: An example of 2D syntactic foam micromechanical model

y-axis. These boundary conditions are commonly used in micromechanics

modeling of composites, and the corresponding boundary conditions are:

ûx = −∆applied on Γ4

ûx = 0 on Γ2

ûy = 0 on Γ1

ûy = constant on Γ3

(4.2)

Constitutive Materials Description

This paper considers High-Density Polyethylene (HDPE) as the material

for the matrix. HDPE manifests a non-linear behavior under compression.

The compressive stress-strain material data for HDPE is obtained from

[65, 109], and is used as the input to fit an Ogden hyperelastic model.
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Prabhakar et al.[109] has shown that the Ogden function effectively rep-

resents the stress-strain relationship for pure HDPE material. The glass

microballoons (GMBs) are modeled as a linear elastic material. HDPE and

GMB material properties can be found respectively in [109]. This study

considers the interfacial behavior between the GMBs and HDPE matrix as

perfectly bonded.

Parametric Space and Stress-strain Curves

The syntactic foam micromechanical model has several significant geo-

metric parameters which govern the parametric space: (1) Number of

microballoons: We consider the microballoon volume fraction to range

from 10% to 50%. The volume fraction represents the ratio between the

volume occupied by the microballoon and the whole model. A higher

volume fraction implies more microballoons within a fixed matrix vol-

ume. (2) Position of microballoons: Each microballoon can be randomly

located within the matrix. (3) Size of microballoons: We consider uniform

microballoon outer diameters, but two different microballoon wall thick-

nesses are considered: 1.08 and 2.16 micrometers. The 1.08-micrometer

thickness is denoted as ‘thin-wall’, and the 2.16-micrometer thickness is

denoted as ‘thick-wall’. The wall-thickness significantly affects the me-

chanical properties of syntactic foam composites, including stress-strain

response, modulus, and failure modes [45]. Examples of different syntac-

tic foam micromechanical models are shown in Figure 4.4.
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(a) (b) (c)

Figure 4.4: Example of 2D RUC models of thick-wall syntactic foam ge-
ometries with different volume fractions of (a) 10% (b) 30% (c) 50%: Blue
color refers to the matrix, red color refers to the wall of microballoon, and
white color refers to the hollow region.

This paper solves 6825 thin-wall and thick-wall syntactic foam models

to obtain their stress-strain curves. Figure 4.5 shows sample stress-strain

curves of thick-wall and thin-wall syntactic foam models with different

microballoons volume fractions.

(a) (b)

Figure 4.5: Example of thick-wall and thin-wall syntactic foam stress-strain
curves with different volume fractions: (a) thick-wall syntactic foam stress-
strain curves; (b) thin-wall syntactic foam stress-strain curves. ‘VF=10%’
denotes 10% microballoon volume fraction
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4.4 Machine Learning Model Inputs

Two inputs are used to set up the Machine Learning training process: the

syntactic foam geometry and the corresponding stress-strain curve. We use

18,000 syntactic foam geometries, where 6825 models are solved to obtain

their stress-strain responses. That is, 18,000 syntactic foam geometries

were used to train the Feature Extraction module, and the 6825 syntactic

foam models (thick-wall and thin-wall) were used to obtain stress-strain

curves for further training the Curve Prediction module.

Syntactic Foam Geometry Representation

The 2D geometric representation of a syntactic foam includes three parts:

the matrix labeled as ‘1’, the microballoon wall labeled as ‘2’, and the

hollow region labeled as ‘0’ shown in Figure 4.4 in blue, red, and white,

respectively. Since the wall of the microballoon is very thin compared to

the whole model, we construct a 256-by-256 Cartesian Map to ensure at

least three layers of pixels along the microballoon wall thickness. Since

boundary conditions are consistent for all models to calculate the stress-

strain curve, boundary conditions are not considered part of the inputs.

Stress-Strain Curve Representation

The stress-strain curves for the syntactic foams are non-linear responses

relating the compressive stresses with strains on the micromechanical
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RUC models. To predict the stress-strain curves using Machine Learning

algorithms, we can treat them as a piecewise function by connecting several

discrete points or a smooth function with a particular expression. In this

paper, we consider three different representations: (1) linear piecewise

function, (2) cubic polynomial function, and (3) Ogden function. We

utilize the Mean Squared Error (MSE), defined as Equation 4.3, to quantify

the fitting errors of different representations.

MSE =
1
n

n∑
i=1

(Yi − Ŷi)
2 (4.3)

where n is the number of data points, Yi is the i-th observed value and Ŷi

is the i-th predicted value.

Linear piecewise function representation

To balance the need between capturing the shape of the curve with a linear

piecewise function and not making the Machine Learning prediction too

difficult, we consider 21 uniformly distributed discrete strain values from

0 to 15%, corresponding to 21 discrete points along the stress-strain curve.

Then the PBNN will attempt to directly predict these 21 discrete points

to represent the stress-strain response. After obtaining the values for all

21 discrete points, the overall curve will be the union of several discrete

linear piecewise functions in different subdomains. Each j-th subdomain

consists of two points Xj and Xj+1, where Xj is the j-th discrete strain point
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having the corresponding stress value of Yj. The linear piecewise function

in the j-th subdomain can be expressed as in Equation 4.4.

Y = Fj(X) = Yj +
Yj+1 − Yj

Xj+1 − Xj

(X− Xj) (4.4)

where X ∈ [Xj,Xj+1]. The ultimate linear piecewise function P(λ) can be

expressed as P(λ) =
⋃

j Fj(λ) for ∀λ ∈ [Xj,Xj+1], λ = ϵ+ 1 is the principle

stretch value in the defined domain of interest, as mentioned in Section 4.2

andϵ refers to the strain value. j is a collection of all subdomains.

Cubic polynomial function representation

A polynomial function can also be used to represent the stress-strain

curve. By testing the fitting errors of polynomials with different order

using polynomial regression[50], we pick the cubic polynomial function

expression and calculate the fitting coefficients. Since we know the stress

value is zero when strain is zero or λ is 1, we carefully constructed the

cubic polynomial function as Equation 4.5.

P(λ) = a3(λ− 1)3 + a2(λ− 1)2 + a1(λ− 1) (4.5)

Here a1,a2,a3 are the coefficients of the cubic polynomial function. The

obtained coefficient values are shown in Figure 4.6. We notice that the cubic

polynomial function representations have fitting mean squared errors

between 0.41 to 0.92 for all models considered. As the stress value ranges
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from 0 to around 20MPa, we believe such a fitting error is acceptable.

Further, the cubic polynomial function can give a good representation of

the stress-strain relationship.

(a) (b) (c)

Figure 4.6: Values of parameters in the cubic polynomial functions for all
stress-strain curves considered for: (a) a1; (b) a2; (c) a3.

Ogden function representation

As the HDPE manifests a non-linear behavior under compression, the

stress-strain curve can also be fitted using the Ogden function through the

non-linear fitting[109]. We consider the incompressible case as shown in

Equation 4.6. Detailed derivations of the expression can also be found in

our prior work[109].

P(λ) =

n∑
i=1

2µi

αi

(λαi−1 − λ− 1
2αi−1) (4.6)

This paper considers the 3rd-order Ogden model, which has n = 3 in

Equation 4.6. Through non-linear regression, we can obtain the values of

coefficients in the Ogden function as shown in Figure 4.7. From non-linear
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regression, we notice that the Ogden function fitting errors are between

0.02 to 0.54. Since αi appears on the denominator, we want to keep the sign

of αi consistent for all models in the non-linear regression such that the

Neural Network is less likely to predict a denominator value close to zero.

This issue is avoided by adding constraints to the parameter values during

non-linear regression, such that the sign of the regression coefficients will

always be positive or negative. From Figure 4.7, the signs are consistent

for all αi. Consequently, the Ogden function can also represent the stress-

strain curve.

(a) (b)

Figure 4.7: Values of parameters in the Ogden functions for all stress-strain
curves considered: (a) µ1, µ2 and µ3; (b) α1, α2 and α3.

Figure 7.9 shows how each representation compares with the true stress-

strain data. Here we notice that the linear piecewise function (black curve)

can accurately capture the trend of the stress-strain curve in a non-smooth

manner. The cubic polynomial function (pink curve) gives a smooth

representation of the curve but is less accurate than the linear piecewise
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function. The Ogden function (red curve) gives the best approximation of

true stress-strain curve, also a visually smoother solution than the linear

piecewise function. This is because we use the Ogden hyperelastic model

to fit the matrix material description for the FEA simulations that are used

to generate the input composite stress-strain responses for this paper.

Figure 4.8: An example of stress-strain curve representation: blue dots are
the true data, the black curve is fitted using linear piecewise function, the
pink curve is fitted using the cubic polynomial function, and the red curve
is fitted using the Ogden function.

Loss Function and Training Process

We propose different training processes for different curve representa-

tions. We utilize the Mean Squared Error (MSE) as the loss function

for linear piecewise and cubic polynomial function representations. For

both representations, The Neural Network uses MSE as a loss function
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for both representations and is trained for 500 epochs, each with 30 steps.

We propose a modified MSE loss function ‘MMSE’ for training the Og-

den function representation. We know from the Ogden function that

P ′(λ = 1) = dP
dλ

at (λ = 1) = µ1 + µ2 + µ3. The term P ′(λ = 1) represents

the slope at the initial point on the stress-strain curve and is independent

of the choice of αi. From our non-linear regression results in Figure 4.7,

the value of µi is more spread out than αi. Thus adding this constraint

to the loss function is important to constrain the prediction of different

µi and improve the prediction accuracy. Moreover, as the Modification

function g(λ) is a quadratic function of λ − 1, adding the Modification

function will not change the value of P ′(λ = 1).

The MMSE can be written as Equation 4.7.

MMSE = MSE(y, ỹ) + α ·MSE[(P ′(λ = 1) | y) − (P ′(λ = 1) | ỹ)] (4.7)

Where MSE is defined in Equation 4.3, α is a constant weight added to

the loss term generated by initial slope P ′(λ = 1). In this paper, we use

α = 0.01. However, during the training process, we notice that directly

training the Network with MMSE will lead to a blown-up prediction

since the additional loss term creates more difficulty in finding the global

minimum. So instead, we propose a ‘hybrid’ training process: the Neural

Network is trained for 500 epochs. For the first 300 epochs, we utilize MSE

as the loss function. Then we utilize MMSE for the subsequent 100 epochs
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and then use MSE again for the last 100. During this training process,

MMSE tries to change the gradient descent direction from MSE and help

avoid falling into saddle points or local minima.

4.5 Results and Discussion

In this section, we evaluate the performance of our Feature Extraction and

Curve Prediction modules on different stress-strain curve representations.

The Feature Extraction module is validated by checking if the ‘Latent

Vector’ can effectively predict back to the original geometry. The Curve

Prediction module is validated by checking how close the predicted curve

is to the true curve. We randomly split the data into 60% training, 20%

cross-validation, and 20% testing for all datasets used.

Feature Extraction Module Results

We first train the Feature Extraction module using 18000 syntactic foam

geometries, with 60% training, 20% testing, and 20% cross-validation. Fig-

ure 4.9 shows the predicted syntactic foam geometries from the Feature

Extraction module. We can see that the predicted syntactic foam geome-

tries can capture most of the critical features of the syntactic foams, even

for complex geometries with high volume fractions, like Figure 4.9(a) and

(b).

Moreover, to quantitatively measure how the Feature Extraction Module
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(a) (b)

(c) (d)

Figure 4.9: True syntactic foam geometry versus Predicted syntactic foam
geometry obtained from the Feature Extraction module. Thick-wall syntac-
tic foam - (a) real and (b) predicted geometry. Thin-wall syntactic foam -
(c) real and (d) predicted geometry

performs, we define an error rate (ER) to measure the prediction accuracy,

as:

ER =

∑Nx

i=1
∑Ny

j=1 1[Go(i,j) ̸=Gp(i,j)]

Nx ∗Ny

(4.8)

where Nx = Ny = 256 is the size of the geometry Cartesian Map, men-

tioned in Section 4.4. Go represents the original geometry Cartesian Map,

and Gp represents the predicted geometry Cartesian Map. The error rate
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calculates the ratio between incorrectly predicted node values in the Carte-

sian Map and the total Cartesian Map nodes (Nx ∗Ny). To evaluate how

the training dataset affects the performance of the Feature Extraction Mod-

ule, we first pick 2000 samples as the test set, and train the module with

different training data sizes. We use three random split methods (we call

random split seed) and calculate the error rate with different random

splits to account for randomness.

(a) (b) (c)

Figure 4.10: Training loss profile of Feature Extraction Module (a) using
7000 samples (b) using 10000 samples (c) using 12500 samples

(a) (b) (c)

Figure 4.11: Prediction error rate of Feature Extraction Module, on 2000
testing samples (a) random split seed 1 (b) random split seed 2 (c) random
split seed 3

Figure 4.10 shows how the training loss decreases as we increase the
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training epochs (we run a total of 1000 epochs and each epoch has 40

steps) for training sample sizes of 7000, 10000, and 12500 each. We observe

that the Feature Extraction Module optimization is converged within 1000

epochs. Further, Figure 4.11 shows how the prediction error changes with

increasing training data size. Despite different random split methods, the

prediction error rate decreases as we increase the training sample size.

When the training data size is larger than 15000, we have a consistent

prediction error rate below 3.5%. Thus in this paper, we choose a training

data size of 18000 to train the Feature Extraction Module for extracting the

corresponding high-level latent features of the syntactic foam geometries.

Curve Prediction Module Results

After fully training the Feature Extraction module, we can use the ex-

tracted feature vectors to predict the stress-strain curves using the Curve

Prediction module. The prediction error is evaluated based on the errors

at 21 uniformly distributed points along the curve (same as the discrete

point locations when defining linear piecewise function). The errors are

calculated based on Norm-2 Error (NE), defined in Equation 4.9.

NE =

n∑
i=1

(Y(i) − Ŷ(i))2 (4.9)

n = 21 represents the total size of the data points considered in one sample.

The overall prediction errors are evaluated based on Mean Norm-2 Error
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and Max Norm-2 Error, which calculates the average and maximum Norm-

2 Error in the testing sample set. Table 4.1 shows the prediction errors of

different stress-strain curve representation methods using PBNN. Besides,

Figure 4.12 gives two examples of the Stress-Strain curve prediction using

different representations.

Table 4.1: Curve Prediction Error for different curve representations with
PBNN

Mean Norm-2 Error Max Norm-2 Error
Linear Piecewise Function 7.31 21.64
Cubic Polynomial Function 5.03 18.73

Ogden Function 5.89 14.89

Comparing the predictions for different representations, we can conclude

that:

1. The Ogden function and cubic polynomial function representations

give similar prediction accuracy by providing a smooth curve close

to the true curve. The polynomial function representation has a

lower Mean Norm-2 Error, but Ogden function representation has

a lower Max Norm-2 Error. This is because the cubic polynomial

function has fewer parameters to train, making obtaining a better

prediction during the training process easier. However, as shown

in Figure 7.9, the cubic polynomial function has fitting errors to the

true curve.

2. The linear piecewise function representation gives a relatively worst

prediction by having the most significant prediction error. Moreover,
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the linear piecewise function gives a non-smooth prediction, and

the relative relationship between adjacent points might not obey

the physical truth (like the horizontal line at the beginning of the

blue curve in Figure 4.12(a), which is not true). Furthermore, we

potentially introduce an additional error if we attempt to smooth the

prediction obtained from the linear piecewise function.

(a) (b)

Figure 4.12: Predicted stress-strain curves from the Curve Prediction mod-
ule: (a) Example 1 (b) Example 2. The blue dots are the true data, the
black curve is fitted using the linear piecewise function, the pink curve
is fitted using the cubic polynomial function, and the red curve is fitted
using the Ogden function.

Importance of Feature Extraction module, Modification

module, and Hybrid Training Process

We introduce the ideas of different modules and training methods for

PBNN. To understand the importance of the different aspects in PBNN,
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like the Feature Extraction module, Modification module, and the hybrid

training process (only for Ogden function representation), this section

compares PBNN’s prediction error with several baseline models. We use

the Ogden function representation for illustration purposes.

Baseline model 0 We first choose a baseline model that always outputs

the mean stress-strain curve from the training dataset. The norm-2 error

for the Baseline model 0 represents the variance of the testing dataset.

To show the improved efficacy of other baseline models proposed, their

norm-2 error should be lower than that of the Baseline model 0. Figure 4.13

shows a comparison between the mean curve and the training (a) and

testing (b) datasets.

(a) (b)

Figure 4.13: Comparison between the mean curve of the Baseline model 0
(black asterisk) and (a) training dataset (b) testing dataset

Baseline model 1 As discussed in Section 4.2, we utilize the Feature

Extraction module to extract latent space features using easily obtained
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syntactic foam geometries. To validate the effectiveness of the Feature

Extraction module, we consider a baseline model in which we directly use

an Encoder structure (as discussed in Figure 4.2) to predict the Ogden

parameters (named Baseline-1).

Baseline model 2 To validate how the Modification module performs, we

choose another baseline model by removing the Modification module from

PBNN (named Baseline-2). We compare the prediction between PBNN

with and without the Modification module. The detailed frameworks

for the two models are shown in Figure 4.14, with and without the blue

dashed line modules.

Baseline model 3 (only for Ogden function representation) To under-

stand how our proposed hybrid training improves the prediction accuracy,

we consider another baseline model (named Baseline-3), which has the

same structure as PBNN but only uses MSE as the loss function instead of

MMSE.

Prediction results Here we show the prediction accuracy using our train-

ing data with 6825 syntactic foam models. Three different data-splitting

methods are used, and the average error is calculated. The results are

shown in Table 4.2. From the results, we notice that:

1. The Baseline-0 has the largest mean Norm-2 Error compared to all

the other models, while the max norm-2 error is lower than Baseline-
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Figure 4.14: Stress-Strain curve prediction using PBNN framework with-
out modification module (Baseline-2) is shown using red color. PBNN
with modification module is shown by adding blue dashed line modules
to Baseline-2. Baseline-2 directly predicts the Ogden parameters from
extracted latent features and constructs the Stress-Strain curve with the
Ogden function. While PBNN also uses the Modification module to gen-
erate the Modification function P2 and constructs the Stress-Strain curve
by adding the Ogden function and Modification function.

1 and Baseline-2. This means Baseline-1 and Baseline-2 could make

predictions beyond the range of the test set curves. On the other

hand, Baseline-3 and PBNN have better predictions than Baseline-0

for both mean norm-2 error and max norm-2 error.

2. Baseline-2 has slightly better prediction than Baseline-1, meaning

that the Feature Extraction module can extract the high-level features

better and improve the curve prediction accuracy.

3. Baseline-3 significantly improves the prediction accuracy compared
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to Baseline-1 and Baseline-2, proving that the modification module

is essential to achieving better prediction accuracy.

4. PBNN can give a better prediction than Baseline-3, proving that the

hybrid training procedure improves the prediction accuracy.

Table 4.2: Curve Prediction Error for different frameworks
Mean Norm-2 Error Max Norm-2 Error

Baseline-0 8.14 18.26
Baseline-1 7.51 30.12
Baseline-2 6.69 30.08
Baseline-3 6.14 18.18

PBNN 5.89 14.89

Moreover, we can visualize the effect of the modification module in Fig-

ure 4.15, which validates the predictions of PBNN and Baseline-2 for two

randomly picked test datasets (test set 1 and test set 2) from the total

20% test data set. The graph shows that the modification module could

effectively push the initially predicted curve closer to the true curve and

enhance the stress-strain curve prediction accuracy.

4.6 Conclusions

This paper proposes a Parameterization-base Neural Network (PBNN)

framework to predict the non-linear stress-strain responses of compos-

ites. We choose syntactic foam composites to develop these frameworks

due to their complex internal architecture and corresponding mechanical
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(a) (b)

Figure 4.15: Importance of the modification module: stress-strain curve
prediction between Baseline-2 and PBNN on test set samples: (a) Curve
prediction on test sample 1 (b) Curve prediction on test sample 2. The blue
curve is the true Stress-Strain curve, the green curve is the predicted curve
from Baseline-2, and the red curve is the predicted curve from PBNN.

responses. Instead of predicting discrete points along the stress-strain

curve, we propose the stress-strain curve representations using the cubic

polynomial function and Ogden function and utilize PBNN to predict cor-

responding function parameters. This vastly reduces the computational

cost and data size needed for training. By comparing different baseline

models, we further show that PBNN achieves a better prediction accuracy

of the stress-strain curve than other baseline models.

The main conclusions and contributions of this paper are:

1. This is the first attempt to our knowledge to predict non-linear stress-

strain responses by treating them as a parameterized function, espe-

cially for the complex composite material analysis.

2. We have shown that our method could simplify the Machine Learn-
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ing problem and generate a ‘physically meaningful’ prediction by

utilizing the Feature Extraction module and the Modification mod-

ule. The Feature Extraction module extracts the high-level features

from the microstructure geometry into a latent vector, serving as

reduced-order input to the ML framework. The Modification module

improves the prediction accuracy by referring to an auxiliary predic-

tion and reconstructing the predicted stress-strain curve expression.

3. We have demonstrated that PBNN can predict general polynomial

functions (like a cubic polynomial function) or complex highly non-

linear functions (like an Ogden function) from internal material

microstructures.

4. Our method is not limited to syntactic foam or composite material

stress-strain prediction, and we can use a similar approach for all

curve-related predictions. Our method can also be extended to de-

velop knowledge/physics-guided Machine Learning algorithms with

the proposed Feature Extraction module and Modification module.
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analysis and feature-based optimization of woven

composites

Haotian Feng, Sabarinathan P Subramaniyan, Pavana Prabhakar, Physics-

Constrained Neural Network for the Analysis and Feature-Based Opti-

mization of Woven Composites, arXiv preprint arXiv:2209.09154 (2022).

Abstract

Woven fabrics play an essential role in everyday textiles for clothing/s-

portswear, water filtration, and Geotech walls, to reinforcements in stiff

composites for lightweight structures like aerospace, sporting, automo-

tive, and marine industries. Several possible combinations of weave pat-

terns and material choices, which comprise weave architecture, present

a challenging question about how they could influence the physical and

mechanical properties of woven fabrics and reinforced structures. In this

paper, we present a novel Physics-Constrained Neural Network (PCNN)

to predict the mechanical properties like the modulus of weave architec-

tures and the inverse problem of predicting pattern/material sequence

for a design/target modulus value. The inverse problem is particularly

challenging as it usually requires many iterations to find the appropriate

https://arxiv.org/abs/2209.09154
https://arxiv.org/abs/2209.09154
https://arxiv.org/abs/2209.09154
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architecture using traditional optimization approaches. We show that

the proposed PCNN can effectively predict weave architecture for the

desired modulus with higher accuracy than several baseline models con-

sidered. We present a feature-based optimization strategy to improve

the predictions using features in the Grey Level Co-occurrence Matrix

(GLCM) space. We combine PCNN with this feature-based optimization

to discover near-optimal weave architectures to facilitate the initial design

of weave architecture. The proposed frameworks will primarily enable

the woven composite analysis and optimization process and be a starting

point to introduce Knowledge-guided Neural Networks into the complex

structural analysis.

5.1 Introduction

Woven fabric, a textile material, is formed by weaving or interlacing warp

and weft fiber bundles in the orthogonal directions. Woven fabric has a

wide range of applications, from everyday textiles for clothing and fash-

ion to reinforcements in stiff composites for lightweight structures like

aerospace, sporting, automotive, and marine industries [98, 73, 16, 39].

Possible combinations of weave patterns and choices of materials for the

warp/weft fiber bundles present a promising yet challenging question

about how they could influence corresponding physical and mechanical

properties. To that end, we present a novel Physics-Constrained Neural
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Network (PCNN) to predict the mechanical properties like the modulus

of weave architectures (weave pattern, weave material sequence) and the

inverse problem of predicting pattern/material sequence for a design/-

target modulus value. Though these frameworks can be applied to any

woven fabric, we consider woven composites as our case study to develop

and demonstrate their phenomenal advantage.

Woven composites are stiff textile composites with woven fabrics with

high-strength fibers like Carbon, glass, Aramid, etc., reinforced within

polymers. These composites have drawn significant interest from in-

dustry and academia due to the flexibility to change mechanical proper-

ties, high strength-to-weight ratio, high production rate, and structural

durability[90]. Due to these significant advantages, textile composites

have been used in the aerospace, sporting, automotive, and marine indus-

tries. To better understand woven composites, many researchers have been

focusing on exploring the mechanical properties of woven composites.

Research to find woven composite’s mechanical properties largely relies on

analytical representation or numerical analysis like Finite Element Analy-

sis (FEA). Research to understand woven composite first focuses on the

analytical representation of the woven composite model. Naik et al.[100]

utilize a shape function to define the woven fabric geometry by considering

actual strand cross-section geometry, the possible gap between adjacent

strands, and undulation and continuity of strands along the warp and

fill directions. Jiang et al.[68] present a three-dimensional representative
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volume-element model to study the micromechanical behavior of woven

fabric composites. The model has been shown to agree with published ex-

perimental data very well. Moreover, the relationship between geometric

parameters and the macro mechanical behavior of the composites can be

obtained from the model. Khan et al.[75] propose a simplified mathemati-

cal micromechanics model for calculating the mechanical properties of the

plain weave composite using FEA. The new model considers geometric

parameters like yarn undulation and interactions between warp and fills

tows to help generate an FEA mesh close to the actual fabric. Although

the analytical approach is computationally efficient, it cannot accurately

represent the model’s complexity and mechanical responses. Thus several

researchers focus on utilizing FEA to analyze the woven composite models

numerically. Ishikawa et al.[60] conduct the one-dimensional microme-

chanical analysis on the woven composite to derive the upper and lower

bounds of stiffness and compliance constants. The result is further vali-

dated with 2D FEA. Whitcomb et al.[146, 145, 144] utilize FEA to analyze

the three-dimensional stress of plain woven composite and the boundary

effect of woven composites. Gowayed et al.[42] present different types of

fiber and fiber arrangements in fiber-reinforced polymer woven fabrics.

The impact of fiber assembling into yarns and fabrics is also discussed in

the paper. Dong et al.[26] utilize experimental and Finite Element analysis

to find the plain weave composite’s thermal conductivity and further com-

pared the conductive behavior with unidirectional lamina. These methods
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have shown the power of FEA in analyzing woven composite models by

including much more geometric complexity than the analytical approach.

However, using FEA to explore the mechanical properties of the woven

composite is time-consuming as each woven model needs to be solved

numerically. The time consumption is even more for optimizing the weave

patterns for specified properties.

The emergence of Machine Learning (ML) methods research largely fa-

cilitates understanding composite materials and predicting the corre-

sponding mechanical properties. Among existing ML algorithms, Deep

Convolutional Neural Network[78] (DCNN) and Generative Adversar-

ial Network[23] (GAN) are the most widely used. DCNN is a class

of deep neural networks consisting of several convolutional, pooling,

and fully connected layers. DCNN has been widely used in different

fields, including image classification[78], recommender system[155], im-

age segmentation[161], and natural language processing[22]. GAN is

developed similarly to game theory, where Nash equilibrium is reached

when the model converges. There is a generator and a discriminator Net-

work in GAN. GAN has been used in different fields, including unsuper-

vised learning[119, 12], semi-supervised learning[129], fully supervised

learning[164], and reinforcement learning[156]. Regarding ML’s appli-

cation in composite material analysis, Wei et al.[141] demonstrate that

machine learning methods like support vector regression, Gaussian pro-

cess regression, and convolutional neural network (CNN) are useful tools
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to predict the effective thermal conductivities of composite materials and

porous media. Chen et al.[14] give an overview of how different Machine

Learning algorithms can accelerate composite material research, including

several different regression models, Neural networks (especially CNN),

and the Gaussian process. Feng et al.[31] propose a Deep Learning method

to predict composite micromechanical models’ stress distribution contours

using a Difference-based Neural Network, where the Neural Network fo-

cuses on predicting the differences to a reference sample. Bang et al.[7]

propose a framework to identify the defects within composite material by

integrating thermo-graphic images of composite with deep learning. Liu

et al.[89] propose a new failure criterion for fiber tows in woven composite

by combining mechanics of structure genome and a deep neural network

model. Nardi et al.[101] utilize the Artificial Neural Network to predict the

thermoforming process of thermoplastic composites. The authors focus

on the glass fiber-reinforced polyetherimide woven composite and discuss

the essential features needed for accurate predictions of the temperature

fields over the thermoforming process. The authors further discuss the

potentiality of using Machine Learning to determine the optimal range of

the process parameters. Sepasdar et al.[121] propose the modified U-Net

network to predict the damage and failure in microstructure-dependent

composite materials. Gu et al.[43] use ML to analyze the strength and

toughness of 2D checkerboard models for 2D printed bi-material com-

posites. The authors used a single-layer convolutional neural network
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with two binary classifiers. Further, Abueidda et al.[2] also focus on a 2D

checkerboard model and utilized a genetic algorithm optimizer to opti-

mize a checkerboard composite pattern to obtain a model with maximum

strength and toughness based on different volume fractions. This research

has proven the potentiality of accelerating woven composite design and

analysis with ML.

Although insightful, these above frameworks are limited to predicting

material properties for a given pattern or optimizing through heuristic

searching, which is relatively easy to handle. On the contrary, the ability

to solve the inverse design problem, which predicts patterns for target me-

chanical properties, can be more challenging and beneficial. Within woven

composites, it could save a massive amount of time otherwise invested

in testing weave design iterations. Feng et al.[32] considered 2D woven

composite with a single material and proposed the GAN-based framework

for the inverse design problem. The research has shown the potentiality

of utilizing Neural networks with a relatively decent error rate of around

7%. Similarly, Chen et al.[19] consider the inverse design problem of the

checkerboard composite model using generative inverse design networks

called GIDN. GIDN consists of a predictor and a designer, like the idea of

GAN. The predictor is first trained with training data, then trained weights

in the predictor are directly assigned to the designer as non-trainable pa-

rameters. The designer further provides an optimized design from the

initial Gaussian distributed design. GIDN has outperformed conventional
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gradient-based topology optimization and gradient-free algorithms for

a stiff-soft bi-material composite model. This method brings promising

ideas to optimize the composite material, while this GAN-based approach

does not build the connection between the mechanical properties of com-

posite material to its geometry. Also, Neural Network-based optimization

is hard to be understood in the physical space.

Thus, this paper aims to solve two problems related to 2D woven com-

posite, whose pattern can also be represented as a checkerboard model:

(1) How can we build a bi-directional bridge between woven compos-

ite architecture and its mechanical properties? (2) How to optimize the

woven composite’s mechanical properties using ’physically meaningful’

features, so we can optimize the woven composite properties by directly

manipulating physical and geometric parameters?

5.2 Motivation and Overview

This section presents an overview of the overall targets of the research

presented in this paper and the general Machine Learning approaches

that we use for woven composite prediction and optimization.

Motivation and Research Tasks

As mentioned before, we focus on solving two problems related to un-

derstanding woven composite mechanical properties and optimizing the
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woven architecture to achieve better overall in-plane modulus. Woven

composite architecture could be determined by different combinations of

weave patterns and material sequences. For example, a 6-by-6 woven com-

posite model will have 236 different patterns and 2 ∗ n6 different material

sequences, where n is the number of materials to choose from. Thus, it is

essential to quickly and accurately obtain the mechanical properties of dif-

ferent woven composite architectures to determine the woven architecture

that fits the problem of interest. Besides understanding the mechanical

responses of woven composites, optimization is also critical to minimiz-

ing the structure’s stresses, weight, or compliance for a given amount of

material and boundary conditions. Through optimization, we want to

determine the most advantageous structure or material distribution inside

the domain of interest for different design objectives, like having the lowest

cost or highest mechanical properties.

In this paper, we consider two different woven composite models: single-

material and bi-material woven composite. Single-material woven com-

posite is made of one material for the whole model, and bi-material woven

composite is made of two materials we consider. Specifically, we will

consider three Machine Learning tasks (an overview of the three tasks is

represented in Figure 5.1) as follows:

1. Task 1: Build the connection between woven composite architecture

(pattern + material) and corresponding in-plane moduli. We will fo-

cus on the following tasks: (1) Forward Direction Prediction (FDP):



91

predicting from woven composite architecture to the corresponding

modulus. (2) Backward Direction Prediction (BDP): predicting from

woven modulus to its architecture. We decouple the BDP problem

into two sub-problems: prediction from weave in-plane modulus

and material sequence to its pattern (named as BDPa) and prediction

from weave in-plane modulus and pattern to its material sequence

(named as BDPb).

2. Task 2: Propose a feature-based woven composite optimization

strategy to find the woven composite with the highest overall in-

plane modulus. Specifically, the optimization strategy is developed

based on regression analysis using Gray Level Co-occurrence Matrix

(GLCM) features from weave patterns and physical space features

from weave material sequences. From the regression analysis, we

can determine whether each feature is positively or negatively cor-

related with the woven composite’s overall in-plane modulus and

further optimize the pattern based on the relationship.

3. Task 3: Discover the near-optimal woven composite design using

the methods developed in Task 1 and Task 2.

For Task 1, to solve the FDP problem, we utilize Deep Convolutional

Neural Network (DCNN) to extract high-level features from the woven

composite model and predict the in-plane modulus from its architecture.

The BDP problems are more challenging than the FDP problem since the in-
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Figure 5.1: Overview of three Machine Learning tasks: (1) Task 1 builds
the bridge between woven composite and its physical/mechanical proper-
ties. Task 1 is split into Forward Direction Prediction (FDP) and Backward
Direction Prediction (BDP) problems. BDP is further split into BDPa and
BDPb, depending on predicting the weave pattern or predicting the weave
material sequence. (2) Task 2 proposes the optimization strategy on wo-
ven composite for achieving better physical/mechanical properties (like
higher strength) (3) Task 3 discovers the near-optimal woven composite
design using the methods developed in Task 1 and 2.

plane modulus can be sensitive to weave patterns and material sequences.

Incorrect prediction at a single position in the pattern or material sequence

could significantly change in in-plane modulus. Moreover, we will show

that woven composite with different patterns could have similar in-plane

modulus. Such similarity forms one-to-many mapping for BDP problems.

So a purely data-driven Neural Network is hard to achieve high accuracy in

BDP problems. To constrain the predictions for BDP problems, we combine

the idea of the existing Physics-Informed Neural Network (PINN)[94] and
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transfer learning[104, 143], and then propose the Physics-Constrained

Neural Network (PCNN), which embeds the existing physics knowledge

into the Neural Network to constrain the prediction. Specifically, PCNN

will first utilize a similar structure as deep convolutional Autoencoder[6] to

extract high-level features from the input data and make predictions based

on these extracted features. Then, the PCNN will simultaneously embed

our physics knowledge in the prediction layer and contribute certain losses

to the loss function. Here, the physics knowledge refers to the relationship

between woven composite architecture (pattern + material sequence) to its

corresponding modulus, which comes from the trained DCNN in the FDP

problem. We further validate that our proposed PCNN could enhance

prediction accuracy compared to many widely used Machine Learning

frameworks for BDPa and BDPb problems.

For Task 2, we first consider weave pattern optimization. Each weave

pattern can be represented as a checkerboard model and can be treated as

a type of texture. Then we extract texture features from the weave pattern.

Texture features describe the spatial distribution of pixels (cells) which

reflect objects’ roughness, smoothness, granularity, and randomness. Com-

mon texture feature extraction methods include statistical, structural, and

spectral methods. This paper utilizes the statistical method and proposes

the GLCM feature-based optimization strategy. GLCM, referring to Gray-

Level Co-Occurrence Matrix, is a statistical method of examining texture

that considers the spatial relationship of pixels[120]. The GLCM features
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characterize an image’s texture by calculating how often pairs of pixels

with specific values and in a specified spatial relationship occur in an im-

age and then extracting statistical measures from the matrix. Since GLCM

can measure the texture roughness, coarseness, and other properties in

one calculation, it has been the primary method to describe texture-related

methods in the field of medical sciences (CT scans, MRI)[168, 125], land-

scape analysis[48] and image-based defect detection[113]. In this paper,

specifically, we use Haralick texture features[49]. The relationship be-

tween extracted GLCM-based Haralick features and the corresponding

woven modulus can be determined through regression analysis to guide

weave pattern optimization. Then we further consider weave material

sequence optimization. Two vectors can represent the material sequence,

and each vector describes the material sequence for horizontal and vertical

yarns. We consider statistical features directly from the material sequence

vector, including mean, median, and standard deviation. Similarly, from re-

gression analysis, we can find out how each statistical feature is correlated

with the in-plane modulus and find out the optimal material sequence

from the regression model. Finally, the regression models from pattern

and material sequence can be used to optimize a given woven architecture.

The regression models can be combined with PCNN to provide optimal

woven composite architecture at the initial design stage.
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Overview of Proposed Machine Learning Framework

In Figure 5.2, we present an overview of the proposed Machine Learning

framework for the two tasks considered in this paper. First, weave pat-

terns and materials are picked such that each woven composite model is

uniquely defined. Then by applying boundary conditions, we can calcu-

late the corresponding in-plane modulus through FEA. After obtaining

the weave pattern, material sequence, and corresponding in-plane modu-

lus, we can start the Machine Learning process: (1) For FDP, we design

a deep convolutional neural network that takes the weave pattern and

material sequence as inputs and outputs the in-plane modulus. (2) For

BDPa, we design the Physics-Constraint Neural Network (PCNN) that

takes in-plane modulus and material sequence as inputs and predicts

the pattern that matches the required in-plane modulus. For BDPb, we

design another Physics-constraint Neural Network similar to BDPa, which

takes the pattern and in-plane modulus as inputs instead and predicts the

possible material sequence that matches the required in-plane modulus.

In this paper, we consider single-material and bi-material woven com-

posites. As a constant vector can represent the material sequence for the

single-material woven composite, it will not serve as input to train the

Machine Learning framework. For bi-material woven composite, both

weave pattern, material sequence, and corresponding in-plane modulus

will be inputs to Neural Network.

Throughout the paper, the machine learning framework is implemented
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in TensorFlow 2.5.0 and trained on NVIDIA GeForce RTX 2080 SUPER

with 3072 CUDA cores and 1815 MHz frequency. We provide access to our

implemented Machine Learning code on our GitHub page, as mentioned

in the "Data Availability" section at the end of this paper. The GitHub page

provides implementations of our proposed Neural Networks, our baseline

models used for comparison purposes, and the training data used in this

paper.

5.3 Finite Element Method for Training Data

Generation

As introduced in Section 6.1, the woven composites are formed by inter-

weaved yarns impregnated with a resin matrix. The woven composite’s

effective mechanical property depends on the considered material’s prop-

erty, the cross-sectional geometry of yarn, and the weave pattern. In this

paper, we utilize FEA to determine the in-plane modulus of woven com-

posite (E1, E2, G12) based on different combinations of weave pattern and

material sequence. FEA is performed on a repeated unit cell (RUC) to

understand the influence of weave patterns on the composite’s in-plane

effective properties. The weave is modelled using TexGen [87], where all

the geometrical input parameters are listed in Table 5.1.

The FEA is divided into two stages: First, the influence of the weave pattern

for single-material woven composites is analyzed. Second, the same pro-
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Figure 5.2: Overview of the proposed Machine Learning framework: (1)
Black arrows represent the FEA process, (2) Red arrows represent the
FDP problem, (3) Blue and Brown arrows represent two BDP problems:
BDPa and BDPb. Trapezium blocks are inputs to the Machine Learning
framework. Initially, we have weave patterns and material sequences;
then, these models are brought into Finite Element solver ABAQUS[134]
to find the corresponding in-plane modulus. Circular blocks represent
different Machine Learning tasks: FDP, BDPa, and BDPb. Square blocks
are the predictions for different Machine Learning tasks. Solid lines before
circular blocks represent inputs to Neural Network, and dashed lines
represent outputs. The solid green line and rounded corner blocks are
the optimization modules. We introduce feature-based optimization for
pattern and materials sequence, using GLCM and physical space statistical
features.

Table 5.1: Geometrical parameters for finite element modeling
Length L Width W Height H Yarn spacing Yarn height Yarn width

6mm 6mm 0.4mm 1mm 0.2mm 0.8mm

cess is extended to bi-material woven composites with two different fiber

materials. The homogenized mechanical properties of the fiber bundles

embedded in the polymer matrix are shown in Table 5.2, which are cal-

culated using Chamis micro-mechanical model[18]. The volume fraction
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of fiber is assumed to be 76% in this paper. Initially, the TexGen python

scripting generates 9000 random weave patterns with carbon fiber yarns

in woven composites. Later, another 9000 random weave patterns with

random hybrid carbon-kevlar woven composites are generated. Each geo-

metric model is exported as an input file with linear tetrahedron elements

and periodic boundary conditions. In this paper, edge forces are applied in

different directions. The corresponding displacement values are extracted

from the applied tensile (shear) loading to evaluate the effective in-plane

mechanical properties. A detailed explanation of boundary condition

implementation can be found in Li et al.[84]. After preprocessing, the

input file is imported into ABAQUS to determine the effective in-plane

mechanical properties from the stress and displacement field.

Table 5.2: Homogenized material properties of fiber yarn embedded in
polymer matrix

E1 (GPa) E2 (GPa) E3 (GPa) G12 (GPa) G13 (GPa) G23 (GPa) ν12 ν13 ν23
Carbon yarn 183.1 9.67 9.67 5.66 5.66 3.37 0.23 0.23 0.43
Kevlar yarn 116.03 3.96 3.96 2.45 2.45 1.69 0.35 0.35 0.45

5.4 Machine Learning Model Inputs

We will focus on establishing the bridge between weave pattern, material

sequence, and in-plane modulus (E1, E2, and G12) through Deep Neural

Networks. To transform these input data to fit Neural Network training,

we conduct data pre-processing to convert weave patterns and material
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sequences into matrices and vectors as described next.

Weave Pattern Representation

The yarn placed along the x-axis is called weft, whereas the yarn along

the y-axis is called warp. A checkerboard model represents each weave

pattern as a matrix with ‘0’ or ‘1’ binary values, where ‘1’ means warp lies

below the weft and ‘0’ means warp lies above the weft. A weave pattern

and material sequence representations are shown in Figure 5.3, using a bi-

material woven composite as the example. This paper considers a woven

composite unit cell size of 6-by-6. So, each model is formed by weaving

together six warp and six weft yarns, and a 6-by-6 binary value matrix can

represent each pattern.

Figure 5.3: Weave pattern and material sequence representation for bi-
material woven composite
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Weave Material Representation

Since the material sequence for single-material woven composites will not

serve as input to the Neural Network, only bi-material woven composites

need the proper representation of their material sequences. As mentioned

in Section 5.4, the woven composite is formed with six warp and six weft

yarns, so the material sequence can be represented as two 6-by-1 binary

vectors: the first vector represents warp materials, and the second vector

represents weft materials. Here we denote Carbon yarn as material ‘0’ and

Kevlar yarn as ‘1’.

In-plane Modulus from FEA Results

From the outputs of 9000 single-material and 9000 bi-material woven com-

posite models, we obtain the distributions of different in-plane modulus

(E1, E2, G12). Here we define the Identity Sum (IS) of woven composite

to be: IS =
∑n1

i=1
∑n2

j=1 1[Wij=1], where W is the weave pattern matrix,

n1 = n2 = 6 as the pattern matrix is 6-by-6. IS of a model represents the to-

tal number of ‘1’ regions within the matrix. Figure 5.4 and Figure 5.5 show

the distribution of different in-plane modulus with respect to identity sum

for single material and bi-material woven composites. Comparing these

two figures, we discover that: (1) single-material and bi-material woven

composites have similar ranges for tensile modulus E1 and E2; (2) in-plane

shear modulus G12 distribution for single-material woven composites is
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more concentrated compared to bi-material woven composites.

(a) (b) (c)

Figure 5.4: In-plane modulus of single material woven composite

(a) (b) (c)

Figure 5.5: In-plane modulus of bi-material woven composite

Many-To-One Mapping

From Figure 5.4 and Figure 5.5, we can also observe that woven compos-

ites with the same IS could have a completely different in-plane modulus.

Moreover, our FEA outputs show that different woven composite patterns

could have the same in-plane modulus. The two single material woven

composite models have the same tensile modulus E1, although the pat-

terns look entirely different. Such a conclusion can also be validated by
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histogram plots counting numbers of models having the same in-plane

modulus component E1, E2, or G12 for both single material and bi-material

woven composite models. This many-to-one mapping poses challenges

while predicting weave patterns for specified in-plane modulus (BDP

problems), which is later addressed within the Deep Neural Network

frameworks.

Mechanical Properties of Plain Weave Composites to Other

Patterns

Among different patterns typically used in woven composites, plain weave,

alternating ’0’ and ’1’ in its pattern, has been the most fundamental weave

design in different areas including aerospace, fashion, and furnishing.

However, this does not mean plain weave has the best mechanical prop-

erties. As shown in Figure 5.6, we can see that there are many patterns

(28.7% of the 9000 samples) having better in-plane modulus in both E1, E2,

and G12 compared to plain weave (orange dot). Thus it is crucial to explore

weave patterns with better mechanical properties than plain weave.

Loss Functions Considered

This paper considers two types of commonly used loss functions: Mean

Squared Error (MSE) and Binary Cross-Entropy (BCE). MSE measures

how close the predicted value is to the true value. This paper uses MSE
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(a) (b)

Figure 5.6: (a) plain weave pattern (b) mechanical properties of plain
weave VS all 9000 patterns for single material woven composite (the yellow
dot denotes the mechanical properties of plain weave and blue dot denotes
the mechanical properties of other weave patterns considered)

for in-plane modulus-related predictions, defined as Equation 5.1.

MSE(y, ỹ) = 1
3n

n∑
i=1

3∑
j=1

(yij − ỹij)
2 (5.1)

Where n is the total sample size, ‘3’ means the size of the in-plane modu-

lus vector, yij is the predicted value of ith data sample, and jth in-plane

modulus. ỹij is the corresponding true value. MSE can be widely used

for different prediction tasks. However, it could be a wrong choice for

binary classification problems as MSE generally assumes data with normal

distribution, while binary classification can be viewed as a Bernoulli distri-

bution. Moreover, the MSE function is non-convex for binary classification

problems when using activation functions like Sigmoid. Thus we will use

BCE defined as Equation 5.2 for predicting binary woven pattern matrix

or binary material sequence vector.
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BCE(y, ỹ) = −
1

nm

n∑
i=1

m∑
j=1

ỹijlog(yij) + (1 − ỹij)log(1 − yij) (5.2)

Similar to the definition of MSE, n is the total sample size, and m is the

target size. For example, m = 36 when predicting the 6-by-6 weave pattern

and m = 12 when predicting the 6-by-2 weave material sequence. yij is the

predicted value at jth component in ith model and ỹi is the corresponding

true value.

5.5 Deep Neural Network Frameworks

This section will show the detailed Deep Neural Network frameworks we

propose to solve the FDP and BDP problems. As briefly mentioned in

Section 6.1, we utilize DCNN to solve the FDP problem, and we propose

our PCNN to solve the BDPa and BDPb problems.

Forward Direction Prediction: Deep Convolutional Neural

Network

For the FDP problem, we developed Deep Convolutional Neural Network

(DCNN), with the overall framework shown in Figure 5.7. Initially, weave

patterns and material sequences are fed into DCNN as inputs. Then for

the weave pattern, we will use Convolutional layers with ReLU as the
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activation function to extract high-level features from the pattern. At

the same time, the material assignment vector will be expanded by fully

connected layers. Then extracted features from the weave pattern and

material sequence are concatenated into a new feature vector and further

used to predict the in-plane modulus through fully connected layers with

the ReLU activation function.
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Figure 5.7: Deep Convolutional Neural Network (DCNN) for FDP: pink
blocks are the inputs to the Neural Network; orange blocks are convolu-
tional layers with ReLU activation function, and brown blocks are batch-
normalization layers following Convolutional layers; the blue block is the
Flatten layer that reshapes the input into a vector; gray blocks are Fully
Connected layers with ReLU activation function; white blocks are the out-
puts of the framework. The green ball represents the Concatenation layer.
The modules inside the red dashed block are only activated when the
material sequence serves as the input for the bi-material woven composite.
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Backward Direction Prediction: Physics-Constrained

Network Framework

As mentioned in Section 6.1, the BDP problem is decoupled into two

problems: BDPa and BDPb. We have shown there exists a many-to-one

mapping, which makes BDP problems much more challenging to handle

than FDP problems. This paper proposes two PCNNs for BDPa and BDPb,

respectively. Although the two frameworks are slightly different due to

different input data, both frameworks are developed based on Physics-

constraint by using trained DCNN from the FDP problem to constrain the

prediction.

Predicting weave pattern from in-plane modulus and material

sequence (BDPa)

For single-material woven composite, the BDPa problem is to predict the

weave pattern directly from the given in-plane modulus. In contrast, the

problem is extended for bi-material woven composite to predict woven

patterns from given in-plane modulus and material sequence. The whole

framework to solve the BDPa problem is shown in Figure 5.8. In-plane

modulus and material sequence in pink blocks are the inputs to the frame-

work. The two inputs are expanded through several fully connected layers,

concatenated into one vector, and brought into the Deconvolutional lay-

ers with LeakyReLU. The deconvolutional layers will expand the feature
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vector into its original physical space of 6-by-6. Since each weave pattern

is a binary matrix, thus the last Deconvolutional layer uses the Sigmoid

activation function. To embed our existing knowledge into the prediction

and enhance the prediction accuracy, we add the trained DCNN from

Section 5.5 after the predicted woven pattern and further evaluate the

prediction’s accuracy in terms of in-plane modulus, as shown in the light

green block. To improve the prediction accuracy, we control the weights of

modulus-related loss three times larger than the weights of pattern-related

loss. For the loss function, the pattern-related loss is calculated based on

BCE, and the corresponding modulus-related loss is calculated based on

MSE.

Predicting weave material sequence from in-plane modulus and

pattern (BDPb)

Compared to the BDPa problem, the BDPb problem focuses on predicting

weave material sequence from in-plane modulus and pattern. This frame-

work concentrates only on bi-material woven composites as single-material

woven composites have a constant material vector, as shown in Figure 5.9.

Weave in-plane modulus and pattern serve as inputs to the framework,

where the in-plane modulus is passed into several fully connected layers

with the ReLU activation function. In contrast, the pattern is passed into

several convolutional layers with ReLU activation function followed by

batch-normalization. The extracted high-level features from the in-plane
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Figure 5.8: Physics-Constraint Neural Network framework for BDPa prob-
lem: pink blocks are inputs to the framework; gray blocks are fully con-
nected layers; orange blocks are Deconvolutional layers with LeakyReLU
activation function, and brown blocks are batch-normalization layers fol-
lowing the convolutional layers; white blocks are outputs of the framework;
the red ball is the rounding layer that round the predicted probability
vector into binary values to get the binary material vector; the dark green
ball is the concatenation layer that concatenates extracted features from
in-plane modulus and material assignment; Light green block refers to
the previously trained DCNN framework. The modules inside the red
dashed block and the green dashed arrow is only activated when material
assignment serves as the bi-material woven composite input.

modulus and pattern are concatenated into a vector and passed into sev-

eral fully connected layers with the ReLU activation function. Since the

material sequence is a binary vector, the last fully connected layer has

the sigmoid activation function. Similar to BDPa, to enhance prediction

accuracy, we constrain the prediction by adding trained DCNN from Sec-

tion 5.5 after the prediction layer. Similar to the BDPa problem, the weights

of modulus-related loss are also three times larger than the weights of
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the material sequence-related loss. For the loss function, the material

sequence-related loss is calculated based on BCE, and the corresponding

modulus-related loss is calculated based on MSE.
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Figure 5.9: Physics-Constraint Neural Network framework for BDPb prob-
lem: pick blocks are inputs to the framework; gray blocks are fully con-
nected layers with ReLU as activation function; the yellow block is the
fully connected layer with Sigmoid activation function; orange blocks are
convolutional layers with ReLU activation function, and brown blocks
are batch-normalization layers following the convolutional layers; white
blocks are outputs of the framework; the red ball is the rounding layer
that round the predicted probability vector into binary values to get the
binary material vector; the dark green ball is the concatenation layer that
concatenates high-level features from in-plane modulus and pattern; light
green block refers to the previously trained DCNN framework.
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5.6 Results and Discussion

Overview of Baseline Models Considered

In this research, we use 9000 single-material woven composite models and

9000 bi-material woven models, respectively, to analyze the performance

of Machine Learning frameworks. The data are randomly split into a 60%

training set, 20% cross-validation set, and 20% testing set. To control the

random split method for comparison, we control the random split seed

such that different Machine Learning algorithms are evaluated based on

the same data set.

To evaluate the Machine Learning framework’s performance for the FDP

problem, we directly assess the in-plane modulus prediction in terms of

mean absolute percentage error (MAPE) defined in Equation 5.3.

MAPE =
1
n

n∑
t=1

|
At − Ft

At

| (5.3)

At is the actual value, Ft is the predicted value, and n is the total sample

size. On the other hand, since BDP problems are more complex than FDP

problems, we will evaluate the prediction error based on MAPE and com-

pare our PCNN performance with other popular baseline models. There

are three baseline models considered in this paper: (1) Woven-Decoder,

which utilizes the Autoencoder structure[6]. Autoencoder framework has

been widely used for image-based prediction, like predicting the stress
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contours[31, 121, 105]. (2) Woven-GAN, which is developed based on

the GAN framework. Here we represent the generator using the Woven-

Decoder structure while adding the discriminator after the output to

classify the output into a binary value. Such binary values will tell if the

generator’s result is realistic. The GAN-based framework has been used to

predict the checkerboard pattern of bi-material composite or to predict the

stress distribution contours of different shapes of cantilever beams under

certain loading conditions[19, 67]. (3) Woven-GA, developed based on

Genetic Algorithm[147]. The genetic algorithm is a search heuristic from

the theory of natural evolution. It generates new generations through

crossover and mutations based on a user-defined fitness function by start-

ing from randomly chosen first generations. A genetic algorithm has been

used to determine the complex geometry from targeted mechanical proper-

ties, like finding the bi-material composite model design with the highest

strength[2]. Although BDPa and BDPb problems have different predic-

tion targets, both problems target finding the best pair of patterns and

material sequences to match the target modulus. So both BDPa and BDPb

are evaluated based on the MAPE between the target in-plane modulus

and the predicted architecture’s in-plane modulus.

Forward Direction Prediction Results

As mentioned in Section 5.6, the performance of the single-material woven

composite is evaluated based on the MAPE values. Since FDP problem
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aims to predict the in-plane modulus, the MAPE is calculated based on

E1, E2, and G12, respectively. We will validate the Neural Network’s per-

formance on single-material and bi-material woven composite separately.

Table 5.3 shows the prediction results of the single-material and bi-material

woven composites. We see that for single material woven composites, our

proposed DCNN’s prediction error for E1 and E2 are below 2%. The pre-

diction error for G12 is low as shear modulus does not vary much for

single material woven composite, as shown in Figure 5.4. For bi-material

woven composites, as each in-plane modulus is more distributed for dif-

ferent models, the prediction error of our proposed DCNN will increase

marginally. Our proposed DCNN could achieve prediction error at around

4% for E1 and E2 and below 2% for G12. Since woven composite in-plane

modulus ranges from around 15GPa ∼ 45GPa, the average error is around

1 ∼ 2GPa. These results indicate that our proposed DCNN effectively

represents the relationship between woven architecture and its in-plane

modulus.

Table 5.3: FDP prediction error rate

Error Rate E1 E2 G12
Single-Material Woven 1.86% 1.89% 0.25%

Bi-Material Woven 4.08% 3.76% 1.84%
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Backward Direction Prediction Results

As discussed, the BDP problem is split into two sub-problems: BDPa and

BDPb. To evaluate the performance of our proposed PCNN, we consider

the prediction error of BDPa and BDPb problems for single material and

bi-material woven composite separately.

Single material woven composite prediction results

For single-material woven composite, we compare our proposed Neural

Network framework with three baseline models described in Section 5.6.

To compare the prediction between different Machine Learning frame-

works, we compare the prediction accuracy and duration, as shown in

Table 5.4. From the results, we conclude that:

1. Woven-GA gives the highest prediction accuracy for all models. How-

ever, since it is a heuristic searching algorithm, it will take more than

one hour for each prediction, and such searching needs to be re-

peated every time we use it. Also, the performance of heuristic

searching largely depends on the data sample. Thus Woven-GA is a

costly method and will not be considered.

2. For the rest of the Deep Neural Network-based models, as the models

are learned through training-predicting, it takes much less time for

each prediction. Compared to Woven-Decoder and Woven-GAN,

our PCNN has significantly reduced the prediction error to around
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2% for E1 and E2. Thus, our PCNN gives the best overall prediction

compared to all baseline models.

Table 5.4: BDPa prediction error rate for single material woven composite

Error Rate E1 E2 G12 Prediction Time
Woven-Decoder 7.87% 7.26% 0.33% «1sec

Woven-GAN 4.34% 5.27% 0.31% «1sec
Woven-GA 0.05% 0.01% 0.58% 60 mins 18 secs

PCNN 2.38% 1.72% 0.31% «1sec

Bi-material woven composite prediction results

Since BDP problems for bi-material woven composite consist of three

inputs, prediction with Woven-GA will be even more expensive and will

not be considered. Table 5.5 shows the prediction results for the BDPa

problem, comparing our proposed model and the other two baseline

models. Figure 5.10 shows images of the predicted woven patterns for

a given in-plane modulus and material sequence. Based on the analysis

results, we notice that:

1. Compared to baseline models, PCNN significantly reduces the error

rate of E1 and E2 predictions from around 10% to 3.6%, and the error

rate of G12 also decreases to around 1.3%. Thus, PCNN outperforms

the baseline models considered.

2. For the predicted pattern, we can find that PCNN gives the closest

prediction to the original weave pattern. Furthermore, we show a
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detailed quantitative explanation of why PCNN is superior to other

models using our proposed GLCM-based feature (in Section 5.8)

analysis.

Table 5.5: BDPa prediction error rate for bi-material woven composite

Error Rate E1 E2 G12 Prediction Time
Woven-Decoder 9.31% 9.45% 5.01% «1sec

Woven-GAN 10.83% 11.71% 10.62% «1sec
PCNN 3.60% 3.71% 1.34% «1sec

(a) (b) (c) (d)

Figure 5.10: Predicted bi-material weave pattern for BDPa problem: (a)
original weave pattern (b) predicted weave pattern from Woven-Decoder
(c) predicted weave pattern from Woven-GAN (d) predicted weave pat-
tern from PCNN

We next evaluate the performance of different models for BDPb problems.

Table 5.6 shows the prediction result for the BDPb problem, comparing our

proposed and baseline models. From these results, we observe that com-

pared to baseline models, Woven-Decoder and Woven-GAN, our proposed

PCNN could vastly reduce the prediction error from above 10% to around

5% for all three in-plane moduli. Consequently, we can conclude that for

both BDPa and BDPb problems, our proposed PCNN can significantly

improve the prediction accuracy for all three in-plane moduli.
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Table 5.6: BDPb prediction error rate for bi-material woven composite

Error Rate E1 E2 G12 Prediction Time
Woven-Decoder 11.74% 11.73% 11.50% «1sec

Woven-GAN 15.28% 12.35% 26.99% «1sec
PCNN 5.53% 5.65% 4.10% «1sec

Weave pattern modification by bound relaxation of modulus (for

manufacturing purpose)

When predicting the weave pattern in the BDPa problem, we do not add

constraints to the predicted pattern. However, during manufacturing, it

is usually challenging to weave patterns with continuous yarns or fiber

bundles running along the warp and weft directions without crossing

yarns in perpendicular directions. Solving this issue requires using pre-

preg tapes made from "pre-impregnated" fibers and a partially cured

polymer matrix. Alternatively, stitching of fibers is needed. Since this

process can be time-consuming and expensive, finding weave patterns that

do not have continuous fibers or yarns is essential. To solve this problem,

we propose to find weave patterns by modifying the target modulus within

specific ranges, which we call as Modulus Bound Relaxation.

The expression of Modulus Bound Relaxation can be represented as Equa-

tion 5.4.

Mnew = Mold + R× B (5.4)

Where Mold is the target modulus vector containing E1,E2,G12, and Mnew
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is the updated new modulus vector. R ∈ [−1, 1]d=3 is a 3-by-1 vector, with

each component randomly generated between -1 and 1. B is a range of

scaling factor of R, the upper and lower bound of B can be specified by the

user. R × B determines the maximum relaxation we want for the target

modulus vector. We linearly increase the value of B from its lower bound

to its upper bound to increase the relaxation until we find a weave pattern

without continuous yarn. With this method, we can find a surrogate weave

pattern with a modulus vector slightly different than our target, but with

no continuous yarn issue.

5.7 PCNN Performance Under Small Dataset

This section tests how PCNN performs when the dataset is small. Specifi-

cally, we analyze the performance of PCNN when we select 3000 and 6000

bi-material woven composite samples each from the 9000 dataset. Table 5.7

and Table 5.8 show the prediction error for 3000 and 6000 samples. We

observe consistent results compared to the previous analysis using 9000

samples from the results. Thus we conclude that for both BDPa and BDPb

problems, PCNN provides better and more stable prediction accuracy

than the two baseline models.

Furthermore, Table 5.8 shows the prediction error of BDPa and BDPb

problems under the 6000 sample. From the result, we can validate that

for both BDPa and BDPb problems, PCNN has much better prediction



118

Table 5.7: Prediction error rate with 3000 bi-material woven composite
samples

Error Rate E1 E2 G12 Prediction Time

BDPa
Problem

Woven-Decoder 10.61% 11.97% 10.30% <<1sec
Woven-GAN 8.67% 6.27% 6.87% <<1sec

PCNN 4.23% 4.28% 3.63% <<1sec

BDPb
Problem

Woven-Decoder 8.73% 8.84% 10.93% <<1sec
Woven-GAN 11.53% 12.55% 11.65% <<1sec

PCNN 4.69% 3.70% 1.53% <<1sec

accuracy compared to the two baseline models.

Table 5.8: Prediction error rate with 6000 bi-material woven composite
samples

Error Rate E1 E2 G12 Prediction Time

BDPa
Problem

Woven-Decoder 11.61% 12.20% 12.33% <<1sec
Woven-GAN 6.48% 6.91% 6.14% <<1sec

PCNN 3.81% 3.93% 3.18% <<1sec

BDPb
Problem

Woven-Decoder 9.24% 9.43% 10.99% <<1sec
Woven-GAN 12.20% 11.56% 10.24% <<1sec

PCNN 4.10% 4.20% 1.49% <<1sec

5.8 Feature-based Statistical Optimization

In the previous sections, we proposed DCNN and PCNN to establish the

bridge between woven architectures and the corresponding modulus. Our

proposed Deep Learning frameworks deliver better predictions for FDP,

BDPa, and BDPb problems than baseline models. However, the high-level

features extracted by PCNN are challenging to understand and be used

for other tasks like optimization. Thus, we want to know what physically

or statistically meaningful features control the woven composite in-plane
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modulus, and how we can use these features to optimize the woven com-

posite. To that end, we conduct the GLCM-based feature analysis.

Statistical Features from Weave Pattern

Since weave patterns are represented by a checkerboard model, we con-

sidered this as a type of texture. Texture features describe the spatial

distribution of pixels (cells) that reflect an object’s roughness, smoothness,

granularity, and randomness. Texture can be used to segment images

into regions of interest and classify those regions into regular texture and

quasi-regular texture. Regular texture’s element follows a specific pattern,

whereas quasi-regular texture’s element has an arbitrary shape and is dis-

tributed based on intensity. Standard texture feature extraction methods

include statistical, structural, and spectral methods. This paper utilizes the

statistical method and constructs the Gray Level Co-occurrence Matrices

(GLCM). GLCM elements are defined in Equation 5.5.

C∆x,∆y(i, j) =
n∑

x=1

m∑
y=1

1[I(x,y)=i,I(x+∆x,y+∆y)=j] (5.5)

where, I is the grey-level image, i and j are pixel values. n,m is the

size of image, (x,y) is the starting position, and (∆x, ∆y) represent the

offset from starting position. As our checkerboard models are binary

matrices in this paper, the GLCM will be a 2-by-2 matrix, where we consider

transitions of 0 → 0, 0 → 1, 1 → 0, and 1 → 1. Further, we consider four
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different directions (horizontal, vertical, and two diagonal directions)

during GLCM calculation. The texture features considered are contrast,

correlation, energy, and homogeneity. Thus, for each woven composite

pattern matrix, we will extract 4 × 4 = 16 features. We can achieve several

excellent properties by extracting statistical features from 2-by-2 GLCM in

the form

a b

c d

, leading to the following propositions:

Proposition Weave pattern GLCM statistical features (Contrast, Cor-

relation, Energy, Homogeneity) correspond to a unique 2-by-2 GLCM.

Proposition Weave pattern GLCM’s Energy (with the help of several

other statistical features) tells the relative relationship between different

pattern transitions (0 → 0, 0 → 1, 1 → 0, and 1 → 1) in the physical space.

Proposition Weave pattern GLCM’s Contrast and Homogeneity tell the

frequencies of homogeneous transition (0 → 0, 1 → 1) and in-homogeneous

transition (0 → 1, 1 → 0).

Statistical Features from Weave Material Sequence

Statistical features from woven composite material are only considered for

bi-material woven, as the material sequence for single material is a uniform
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constant vector. We split the material vector into the vector for the weft

and the vector for the warp. First, we extract statistical features for each

material vector, including mean, median, and standard deviation from

the vector. For each material vector of woven composite, we extract six

features. Specifically, as material vectors can be constant, we do not include

skewness and kurtosis in this study. Then, to account for the sequence

information, we propose another statistical parameter called Vector Energy

(VE): for any vector V , the vector energy is defined as VE =
∑L

i=1 i ∗ V(i).

Here L denotes the length of the vector, and V(i) is the value of the i-th

component in V .

Regression Analysis of Extracted Features

To understand whether each statistical feature is positively or negatively

correlated with in-plane modulus, we use regression analysis to determine

the weights of each feature. Specifically, we consider two different cases:

(1) how each feature is correlated with the label of the composite model.

We group the woven composite models into two groups: one group with

an overall better modulus is labeled as ‘1,’ and the other group is labeled as

’0’; (2) how each feature is correlated with the value of individual in-plane

modulus.
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Regression analysis on the overall modulus of model

To understand what features contribute to woven composite’s better over-

all modulus (Eall = E1 + E2 + G12), we utilize the Ridge regression to

predict the overall modulus directly from the target statistical features.

The regression model is defined as Equation 5.6.

min
w,λ

||y − Xw||2 + λ||w||2 (5.6)

where X is the matrix formed by feature vectors. y is vector containing

Eall values. Similarly, values in vector w tell us how each statistical feature

is correlated to the woven composite model’s Eall values.

Weave pattern feature analysis

We first fix the weave material sequence and analyze how the weave pattern

features are correlated with the overall composite modulus Eall. From the

regression analysis results, we observe that the two regression models, one

each for single and bi-material, have weights with the same signs, as shown

in Table 5.9. From the results, we conclude that: contrast and correlation

are negatively correlated with the woven composite’s overall modulus,

while energy and homogeneity are positively correlated. Furthermore, we

prove that the GLCM features can be used to optimize weave patterns and

guide the woven composite design by a case study.
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Table 5.9: Sign of weights for weave pattern features
Contrast Correlation Energy Homogeneity Contrast Correlation Energy Homogeneity

GLCM 1 GLCM 2
Single Material - - + + - - + +

Bi-Material - - + + - - + +
GLCM 3 GLCM 4

Single Material - - + + - - + +
Bi-Material - - + + - - + +

Weave material feature analysis

We further consider how weave material features correlate with its overall

modulus Eall by fixing the weave pattern. Here we consider two fixed

weave patterns. Each weave pattern is combined with 500 randomly dis-

tributed binary material vectors for regression analysis. Similarly, we

consider the two regression models proposed that correspond to the two

fixed weave patterns.

The regression analysis results show that only the material sequence’s

mean value controls the weave material’s modulus. This implies that the

sequence of the material vector is much less critical than the number of

different materials on the property. From our regression analysis, we show

that: for the two materials, Carbon (labeled as ’0’) and Kevlar (labeled as

’1’): (1) in vertical yarns, we want to increase the ratio between material

’1’ and material ’0’ and (2) in horizontal yarns, we want to decrease the

ratio between material ’1’ and material ’0’. We can optimize the overall

modulus for a given weave pattern by changing the material sequence

vector.
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Regression analysis conclusions

From the regression analysis of the weave pattern and material sequence

vector, we can conclude that:

1. For fixed weave material sequence, the relationship between weave

pattern and overall in-plane modulus can be described using GLCM

features. The regression analysis shows that energy and homogene-

ity positively correlate with the overall modulus, while contrast and

correlation negatively correlate with the overall modulus. Such a

conclusion applies to all checkerboard-type models and can be used

to optimize the weave pattern.

2. For a fixed weave pattern, the relationship between weave material

sequence and overall in-plane modulus can be described by the mean

of the material sequence vector in the physical space. The regression

analysis shows that for the two materials considered in this paper,

we want to increase the ratio between material ‘1’ to material ‘0’ in

vertical yarns and decrease the ratio in horizontal yarns. Such a

conclusion is found based on the two specific materials considered.
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5.9 Discover Optimal Woven Composite

Architecture at Initial Design Stage

We have shown that PCNN can predict weave patterns or material se-

quences with high accuracy, and feature-based optimization could en-

hance the overall modulus of woven composite models. The proposed

optimization strategy can be combined with PCNN to determine the op-

timal woven composite architecture even at the initial design stage. For

example, to design a woven composite model, we assume there are two

materials to choose from for each yarn. We can use any weave pattern to

find the woven composite with the highest overall modulus. To find out

the optimal design, we can follow the steps below:

1. Determine the optimal material sequence through the feature-based

optimization strategy, then follow the same procedure as shown in

Section 5.8 and Section 5.8.

2. Pick the maximum in-plane modulus (E1, E2, G12) within a reason-

able range, choose the material sequence vector determined in Step

1, then use PCNN to predict the weave pattern.

3. After obtaining the weave pattern, further utilize a feature-based

optimization strategy to optimize the weave pattern to achieve the

optimal woven composite designs.
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5.10 Conclusions

This paper first focuses on woven composite and establishes the bridge

between woven architectures (patterns and material sequences) to the cor-

responding in-plane modulus through Deep Neural Networks. We classify

the prediction into the typical design process (FDP) and inverse design

process (BDPa and BDPb). The FDP problem is solved by a Deep Con-

volutional Neural Network (DCNN). For the much more complex BDP

problems, we proposed the Physics-Constraint Neural Network (PCNN)

to predict from in-plane modulus to woven composite architecture. We

have shown that our proposed DCNN delivers relatively accurate pre-

dictions. More importantly, PCNN can make sound predictions for BDP

problems and vastly outperforms the baseline models we considered. Af-

ter that, we further proposed a feature-based optimization strategy to find

optimal woven composite architectures. We propose GLCM feature-based

optimization strategy for weave patterns and statistical feature-based opti-

mization for weave material sequences. We further prove that the feature-

based optimization strategy can accurately and conveniently optimize the

woven composite architecture. Finally, we can find the optimal woven com-

posite architecture by combining PCNN with a feature-based optimization

strategy.

Key contributions to this paper are:

1. To our knowledge, this is the first attempt toward a bi-direction
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design process for woven fabrics and textiles with Deep Neural

Networks. That is, predicting mechanical properties from weave

architectures (pattern and material sequence) and vice-versa. We

primarily focused on woven composites in this paper.

2. To solve the complex backward prediction (BDP) problems, we pro-

posed our Physics-Constraint Neural Network (PCNN) to bridge

between the woven composite’s modulus and architecture. We have

shown that our proposed Neural Network vastly increases the pre-

diction accuracy compared to several popular baseline models.

3. We further proposed feature-based optimization to optimize the wo-

ven composite architecture. We proposed Gray Level Co-occurrence

Matrix-based optimization strategy for weave pattern optimization

and a statistical feature-based optimization strategy for weave ma-

terial sequence. The feature-based optimization strategy can be

combined with PCNN to determine the optimal woven composite

architecture even at the initial design stage.
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6 role of material directionality on the

mechanical response of miura-ori composite

structures

Haotian Feng, Guanjin Yan, Pavana Prabhakar, Role of material direc-

tionality on the mechanical response of Miura-Ori composite structures,

Composite Structures, Volume 306, 2023.

Abstract

This paper aims to understand the role of directional material properties

on the mechanical responses of origami structures. We consider the Miura-

Ori structures our target model due to their collapsibility and negative

Poisson’s ratio (NPR) effects, which are widely used in shock absorbers,

disaster shelters, aerospace applications, etc. Traditional Miura-Ori struc-

tures are made of isotropic materials (Aluminum, Acrylic), whose mechan-

ical properties like stiffness and NPR are well understood. However, how

these responses are affected by directional materials, like Carbon Fiber

Reinforced Polymer (CFRP) composites, needs more in-depth understand-

ing. To that end, we study how fiber directions and arrangements in CFRP

composites and Miura-Ori’s geometric parameters control the stiffness

and NPR of such structures. Through finite element analysis, we show

https://doi.org/10.1016/j.compstruct.2022.116606
https://doi.org/10.1016/j.compstruct.2022.116606
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that Miura-Ori structures made of CFRP composites can achieve higher

stiffness and Poisson’s ratio values than those made of an isotropic material

like Aluminum. Then through regression analysis, we establish the rela-

tionship between different geometric parameters and the corresponding

mechanical responses, which is further utilized to discover the Miura-Ori

structure’s optimal shape. We also show that the shear modulus is a dom-

inant parameter that controls the mechanical responses mentioned above

among the individual composite material properties within the Miura-Ori

structure. We demonstrate that we can optimize the Miura-Ori structure

by finding geometric and material parameters that result in combined

stiffest and most compressible structures. We anticipate our research to be

a starting point for designing and optimizing more sophisticated origami

structures with composite materials incorporated.

6.1 Introduction

Deployable structures can change their shape such that their size can be

significantly altered. This is often achieved by the folding and unfolding

process, which provides deployable structures the flexibility to expand

or contract based on different geometrical and material properties. De-

ployable structures are mostly used for easy storage and transport and

are deployed into their operational configuration when required[108].

They find applications in astrophysics missions[81], vehicle fairings[114],
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and spacecrafts[127] among others. These structures often require to be

lightweight, have high stiffness, and occupy less storage space. Among

different ways of achieving deployable structures, origami structures, the

ancient art of folding paper, have been extended to engineering applica-

tions to design deployable structures.

Miura fold[118], a classical origami pattern, is a method of folding a flat

surface such as a sheet of paper into a smaller effective area. Miura-Ori

patterns are composed of identical unit cells of mountain and valley folds

with four-coordinated ridges. Different fold patterns could lead to interest-

ing mechanical responses and material properties, like higher stiffness and

contraction ability known as negative Poisson’s ratio (NPR)[82]. Materials

such as foams and microporous polymers with NPR are often referred to

as auxetics[15]. They often possess the high energy-absorbing capability

and fracture resistance. Miura-Ori patterns with such unique characteris-

tics have been used in applications at both micro and macro scales, like

in solar panels[63], surgical stents[70], and self-deployable robots[96].

The origami or Miura-Ori patterns have also been widely used as impact

mitigating systems[153] and impact protectors like the crush box[157] and

robotic rotorcraft protectors[117]. Besides these structural applications,

recent researchers also utilized the unique shape of Miura-Ori in other

fields, including stretchable circuit bands[86], sound absorption[140],

aerodynamic drag reduction[159], and stiffness vibration isolators[154].

Past research has focused on exploring the mechanical responses of origami
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structures. Fisher et al.[37] explored the stress-strain relationship (through

compression and transverse shear tests) of sandwich structures with differ-

ent types of cores made by folding sheet materials into three-dimensional

zigzag patterns. Heimbs et al.[53] investigated both experimental and

numerical methods for analyzing folded cores called Ventable Shear Core

(VeSCo) in sandwich composites under dynamic compression loading.

With regard to Miura-Ori structures, Zhou et al.[166] presented a para-

metric study on the mechanical responses of a variety of Miura-Ori-based

folded core models by virtual testing under quasi-static compression, shear,

and bending using the Finite Element Analysis (FEA). Wei et al.[142] char-

acterized the geometry and analyzed the effective elastic response of a

simple periodically folded Miura-Ori structure by establishing mathe-

matical expressions for stiffness and Poisson’s ratio concerning geometric

parameters. Liu et al.[88] performed FEA based study to analyze the

deformations of the Miura-Ori patterned sheet and validated the simula-

tion result through tests under the same loading. Moradweysi et al.[97]

analyzed the effective properties of Miura-Ori structures with small or

significantly large thicknesses. The authors focused on analyzing unit

cells of the Miura-Ori pattern under static periodic boundary conditions.

They discovered that when the thickness is small, the rigid rotation of

facets becomes dominant, and as the thickness value increases, the strict

rotation mechanism tends to diminish. Gao et al.[38]proposed a novel

design of Miura-Ori honeycomb structure, whose core layer at the mid-



132

dle is sandwiched by two secondary flange layers at the top and bottom.

The model has connectivity with an open channel within the material

and a self-locking feature under loading. Zhang et al.[162] proposed a

thick panel Miura-Ori structure that uses bistable anti-symmetric carbon

fiber reinforced polymer (CFRP) shells to connect and drive the whole

structure. The authors proposed an energy-based theoretical model and

showed that the proposed structure has superior stability, high reliability,

and fast response speed. Besides these works, other researchers also look

into the potentialities to design and optimize deployable structures with

Machine Learning and Statistical Learning[163, 167].

These previous studies on folded structures, especially Miura-Ori struc-

tures, have focused on investigating the relationship between geomet-

ric parameters and mechanical responses for isotropic materials. How-

ever, few researchers have focused on combining composite materials

and origami patterns to harness the benefits of directional properties and

high stiffness/strength-to-weight ratios, like in fiber-reinforced compos-

ites. Domber et al.[25] studied the dimensional repeatability of elastically

folded composite hinges for deployed spacecraft optics. They investigated

a new type of folded composite hinge for precision deployable spacecraft

structures and showed that viscoelastic recovery is independent of stow

duration. Saito et al.[116] focused on manufacturing composite honey-

comb cores based on origami patterns. They illustrated a new strategy to

construct arbitrary cross-section composite honeycombs by applying 3D
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kirigami patterns into honeycombs and generalizing the honeycomb model

by corresponding kirigami parameters. The authors further fabricated the

kirigami honeycombs using the proposed folding line diagrams (FLD) de-

sign method. Cui et al.[24] investigated origami pattern guided morphing

for composite sheets, where they demonstrated a new approach to fold

origami/kirigami structures based on Gaussian curvature change induced

by nonuniform lateral shrinkage and embedded rigid origami skeleton in

polymer sheets to create novel 3D structures. Kwon et al.[79] analyzed

origami-inspired shape memory dual-matrix composite structures. They

developed an analytical model to analyze 3D morphing structures and

fabricated woven fabrics based on shape memory polymers. They further

showed that morphing structures could be highly flexible depending on

temperature based on tensile tests.

However, research on how structures made of composite materials with

directional properties and geometric parameters of origami patterns influ-

ence their mechanical responses is lacking. Thus, in the current paper, we

focus on exploring how the directionality of fiber-reinforced polymer com-

posites and geometric parameters of the patterns impact the optimal shape

of the Miura-Ori structure. To evaluate this, we consider mechanical prop-

erties - compressive stiffness and Poisson’s ratio. We then determine the

directional Miura-Ori structure that outperforms the isotropic Miura-Ori

structure.

In this paper, we focus on the following three objectives:
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1. Understand how fiber directionality influences the mechanical re-

sponses of Miura-Ori structures.

For the directional material, we consider the transversely isotropic

material (Carbon Fiber Reinforced Polymer (CFRP) composites[59]).

We vary the geometry and fiber arrangements within the Miura-Ori

cells. We then perform compression analysis using the finite element

method. We use Miura-Ori cells with isotropic material, Aluminium,

as a baseline model to compare against the mechanical properties of

different CFRP composite arrangements. We consider CFRP com-

posites due to their inherent transversely isotropic material behavior.

CFRP composites are extremely strong and lightweight compared to

traditional isotropic materials and are widely used in engineering,

including aerospace, automotive, marine, and construction[31].

2. Explore how geometric parameters affect Miura-Ori’s corresponding

mechanical response and determine the optimal design

We fix the isotropic and directional materials and change the geomet-

ric parameters to find the optimal design. Specifically, we perform a

regression analysis to determine the relationship between geometric

parameters and the corresponding mechanical responses. We then

use this relationship to determine the optimal geometric configura-

tion subject to different optimal requirements.

3. Establish how individual material properties affect the overall me-
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chanical responses of Miura-Ori structures

After the geometric analysis of Miura-Ori, we vary individual mate-

rial properties of composite materials to elucidate what properties

have a dominant effect on the mechanical responses, like stiffness and

NPR. We propose using woven composites for potentially altering

a few specific material properties due to the flexibility of selecting

different yarn materials and weaving patterns[158, 99, 35].

Although the results shown in this paper are for the Miura-Ori structure,

the same methodologies in this paper can be extended to the analysis and

optimization of other types of origami structures.

6.2 Miura-Ori Model Setup

Model Geometry and Directionality

Miura-Ori pattern consists of a 2D array of repeating units with four

identical parallelograms in each unit, as shown in Figure 6.1(a). l is the

crease length, α is the angle between the sides of each parallelogram at

the left-top corner, and β is the angle between planes S1 and S2. θ is the

angle between planes S1 and S3. Based on the paper by Wei et al.[142],

the angles α, β, and θ are correlated with each other and can be expressed
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with the Equation 6.1.

β = 2 sin−1[ ζ sin(θ/2)]

l = 2 l1 ζ

w = 2 l2 ξ

h = l1 ζ tanαcos(θ/2)

(6.1)

where the dimensionless terms width and height can be expressed as:

ξ = sinα sin(θ/2) and ζ = cosα (1 − ξ2)−1/2. Thus in this paper, only α

and β as considered as independent geometric parameters. We consider

α values can vary between 0◦ and 90◦, while β values can vary between 0◦

and 180◦.

(a) (b) (c)

Figure 6.1: (a) Geometric parameters for a single unit cell of the Miura-Ori
pattern (b) Miura-Ori single unit cell without hinge (c) Miura-Ori single
unit cell with hinge region (yellow color)

For directional Miura-Ori structures, three different fiber arrangements

within each Miura-Ori unit are considered, as shown in Figure 6.2. Fibers

are either arranged along the X1 axis or X3 axis in all four parallelograms

of a single unit (Figure 6.2(a)), which can be achieved by using unidi-
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(a) (b)

Figure 6.2: (a) Miura-Ori pattern with fiber direction along X1 axis - Case
1 and along X3 axis - Case 2 (b) Miura-Ori pattern with woven fiber
reinforcements (fibers interlaced in two orthogonal directions - X1 and X3

rectional fiber reinforced composites. The third case is where fibers are

arranged in bothX1 andX3 axes within each parallelogram (Figure 6.2(b)),

which can be achieved by a bi-directional woven fiber composite. Woven

fiber composites are formed by weaving or interlacing warp and weft

fiber bundles. Possible weaving architectures and choices of materials for

warp/weft fiber bundles present a large range of possibilities that could

influence in-plane mechanical responses, primarily in in-plane normal

and shear directions. Due to the transversely isotropic behavior of fiber-

reinforced composites in addition to the geometry of Miura-Ori units, the

global mechanical properties of these structures are different in different

directions. To study how these mechanical responses can be tuned, we

study the compressive deformations in two principal directions - X1 and

X3.

Miura-Ori patterns we have considered in this paper have dimensions of

10 mm x 10 mm for every parallelogram. These dimensions are based on
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that considered in Liu et al.[88], although these dimensions can be scaled.

Each pattern consists of two regions: the cell region and the hinge region.

We define two different types of arrangements: (1) both cell region and

hinge region are made of the same stiff material like CFRP composites

(we call it rigid Miura-Ori) - Figure 6.1(b); (2) cell region is made of a

stiff material while the hinge region is made of soft material like silicone

(we call it flexible Miura-Ori) - Figure 6.1(c). We compare the global

mechanical responses of these two different types of Miura-Ori structures

and explore how geometric and material parameters influence their me-

chanical responses. In this study, we set the width of the hinge region

in the flexible Miura-Ori models to be 0.5 mm. For modeling purposes,

we assume a perfectly joined connection between the hinge regions and

carbon fiber-reinforced laminates in our geometry. From a manufacturing

point of view, we can introduce flexible hinges by different methods. These

methods are: (1) For a structure with continuous hinges, we can use a

dual matrix hand layup approach to arrange the laminate parallelograms

with fiber directions along specified directions and locations based on the

design. This can be done by placing a stencil on a dry fabric’s hinge area

and covering it with flexible resin, removing the stencil, and adding epoxy

matrix everywhere else. (2) For a structure with discontinuous hinges,

we can use mechanical hinges bonded/fastened to the stiff laminates. For

rigid hinges, we can perform compression molding of polymer-infused

carbon-reinforced fabric between molds of the desired design.
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Material Properties

Transversely isotropic linear elastic properties of unidirectional CFRP com-

posites used in the Miura-Ori models shown in Figure 6.2(a) are given

in Table 6.1[54, 110]. For those with bi-directional materials shown in

Figure 6.2(b), we use the properties of woven fiber reinforced composites

given in Table 6.1[17]. In both cases, we consider homogenized laminate

in this paper with effective properties given in Table 6.1. We do not ex-

plicitly model individual layers or fibers in this paper. To compare the

response of our target Miura-Ori models which are made of CFRP or wo-

ven fiber composites, we consider a baseline model entirely made of an

isotropic material - Aluminum. The Young’s modulus and Poisson’s ratio

of Aluminum are E = 70GPa and µ = 0.33. For flexible Miura-Ori models

with soft hinges, we use Young’s modulus E = 3.1 GPa and Poisson’s ratio

µ = 0.48[115]. An example of a single Miura-Ori unit with silicone resin

in the hinge region is shown in Figure 6.1(c).

Table 6.1: Input material properties of Carbon Fiber Reinforced Polymer
(CFRP) and Woven Composites

Material Property E1 E2 E3 µ12 µ23 µ13 G12 G23 G13
CFRP Composite 155 GPa 12.1 GPa 12.1 GPa 0.248 0.458 0.248 4.4 GPa 3.2 GPa 4.4 GPa

Woven Composite 85 GPa 85 GPa 12.1 GPa 0.3 0.3 0.3 5 GPa 0.765 GPa 0.765 GPa
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6.3 Computational Analysis

This section describes the computational modeling of Miura-Ori structures

under compression loading. We evaluate their response under external

in-plane loading in the two in-plane principal directions.

Model Parameters and Boundary Conditions

For compression analysis, we consider compressive load acting along each

of the two orthogonal in-plane directions: X1 and X3. We determine two

global mechanical responses of the Miura-Ori models: Poisson’s ratio and

in-plane stiffness. We select combinations of α = (15◦ 30◦ 45◦ 60◦ 75◦) and

β = (30◦ 60◦ 90◦ 120◦ 150◦), and perform 25 simulations for each loading

case. Miura-Ori patterns with combinations of extreme angles for α and β

- (15◦,30◦), (15◦,150◦), (75◦,30◦), and (75◦,150◦), are shown in Figure 6.3.

Figure 6.4(a) shows a Miura-Ori pattern with external boundaries defined

as Γ1, Γ2, Γ3, and Γ4 for the top, right, bottom, and left edges. The boundary

condition on each boundary is described below in terms of u (X1) and v

(X3) displacements. Boundary conditions for compressive loading cases

along X1 and X3 directions are described in Equation 6.2 and Equation 6.3,

respectively. Here, d is the externally applied displacement set to 20% of

the domain length along the loading direction. This is to achieve enough

transverse displacement to calculate the negative Poisson’s ratio, although

other displacement percentages can be chosen.
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(a) (b)

(c) (d)

Figure 6.3: Miura-Ori patterns with extreme values of α and β: (a) α =
15◦,β = 30◦ (b) α = 15◦,β = 150◦ (c) α = 75◦,β = 30◦ (d) α = 75◦,β =
150◦ (These figures showcase the shape of Miura-Ori patterns, and do not
reflect the actual size)

v = constant on Γ1

u = −d on Γ2

v = 0 on Γ3

u = 0 on Γ4

(6.2)
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v = −d on Γ1

u = constant on Γ2

v = 0 on Γ3

u = 0 on Γ4

(6.3)

Figure 6.4: Boundary definitions on Miura-Ori model for in-plane com-
pression

Finite Element Modeling and Analysis

Each model is subjected to a compressive displacement along either the

vertical or the horizontal direction. Compressive stiffness is represented

by a Compressive Stiffness Indicator (CSI) defined in Equation 6.4 as the

initial slope of the force-displacement graph.
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Compressive Stiffness Indicator, KC =
Reaction Force at the Loading Edge

Loading Edge Displacement
(6.4)

Poisson’s ratio is calculated using Equation 6.5.

ν = −
ϵtransverse

ϵaxial
(6.5)

where, ϵtransverse = ∆Ltransverse
Ltransverse

and ϵaxial =
∆Laxial
Laxial

. Laxial and Ltransverse refer to

the original length along the loading and the in-plane transverse directions.

Correspondingly, ∆Laxial and ∆Ltransverse are the length changes along

these directions.

To determine the physical properties described above, a Miura-Ori model

is first discretized by meshing with 3-node (S3) and 4-node (S4R) shell

elements in a finite element software - ABAQUS[126]. We perform a

mesh convergence analysis to determine the appropriate mesh size. The

connections between the hinge and CFRP regions are modeled as a rigid

connection in our finite element model. After assigning the corresponding

material properties, boundary conditions, and loads, this meshed struc-

ture is passed into a numerical analysis solver to determine the nodal

displacements and related strain and stress fields.
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6.4 Regression Analysis for Optimizing

Miura-Ori Structures

To determine optimal geometry that can possess both high stiffness and

negative Poisson’s ratio, we perform multiple regression analysis to es-

tablish a relationship between geometric parameters (α, β) and target

effective properties. Multiple regression is a statistical method to deter-

mine the relationship between a single dependent variable and several

independent variables. A regression coefficient β is calculated by mini-

mizing the sum of squared errors
∑

i(Yi − f(Xi,β))2, given the estimation

function f and {Xi, Yi} for each i-th sample from a dataset. In this paper,

the independent variables are the geometric parameters (α and β), and

the dependent variable is an effective target property (stiffness K or Pois-

son’s ratio ν). Wei et al.[142] established a relationship between effective

stiffness K and Poisson’s ratio ν as a function of geometric angles in the

trigonometric form. They utilized the Miura-Ori structure as our anal-

ysis but assumed a uniform material, the same edge length, and spring

constant to derive these simplified analytical functions. However, in our

analysis, as we consider the entire geometry with complex boundary con-

ditions and directional materials, it is much more challenging to express

K and ν in simplified analytical functions. However, K and ν are still

functions related to α and β. As trigonometric functions can be repre-

sented with Taylor’s series expansion, so we have the expression: (K,ν) ∼
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C+ F0.5(α
0.5,β0.5) + F1(α,β) + F1.5(α

1.5,β1.5) + F2(α
2,β2) + ... +O(αn,βn).

Here, Fi represents the function consisting of the i-th power of geometric

parameters including cross-terms, and C is the intercept term. Thus, we

can use a linear regression model consisting of different orders of α and β

to approximate K and ν.

Grid map interpolation

In order to fit a regression model with higher-order terms, we first expand

our data from FEA results using interpolation. We interpolate the original

5-by-5 contour (as discussed in Section 6.3) onto a map with a denser 13-

by-13 grid for additional intermediate values of α and β. Figure 6.5 shows

the original 5-by-5 FEA grid in blue and the target 13-by-13 denser grid in

red. In order to interpolate the original FEA data from the blue to the red

grid, we utilize bilinear interpolation[85]. Within bilinear interpolation,

the interpolated value for every red grid point is determined by using the

blue grid point coordinates and values within the blue square that the red

point lies in. The coordinates of the four vertices on a blue grid are denoted

as Q11 = (x1,y1), Q12 = (x1,y2), Q21 = (x2,y1), and Q22 = (x2,y2), and

corresponding values are denoted as f(Q11), f(Q12), f(Q21), and f(Q22).

This bilinear interpolation takes the form shown in Equation 6.6.
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f(x,y) ≈ y2 − y

y2 − y1
f(x,y1) +

y− y1

y2 − y1
f(x,y2)

=
y2 − y

y2 − y1

[
x2 − x

x2 − x1
f(Q11) +

x− x1

x2 − x1
f(Q21)

]
+

y− y1

y2 − y1

[
x2 − x

x2 − x1
f(Q12) +

x− x1

x2 − x1
f(Q22)

]
(6.6)

Figure 6.5: Grid map differences: the blue margin is a 5-by-5 grid map
formed by simulation results from FEA, and the red margin is the target
13-by-13 grid map

Setup of Regression analysis

With bilinear interpolation, we obtain the stiffness and Poisson’s ratio

contours with a denser grid and provide more data points for fitting the re-

gression model. Since (K,ν) ∼ C+F0.5(α
0.5,β0.5)+F1(α,β)+F1.5(α

1.5,β1.5)+

F2(α
2,β2) + ... +O(αn,βn), we consider up to a third order polynomial in

each variable α and β in order to select a regression model with reasonable

complexity. For cross terms, we consider up to a second-order polynomial.
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However, the regression model is still complex and overfits the model.

Hence, we conduct Stepwise Regression[29] analysis to extract significant

features and use adjusted R-squared (⩾ 0.75) and P-values (α ⩽ 0.05) as

our selection criteria to select significant terms.

6.5 Results and Discussion

We first compare the global mechanical responses of flexible and rigid

Miura-Ori structures for isotropic materials in Section 6.5. Then in Sec-

tion 6.5, we proceed with further in-depth studies on rigid Miura-Ori

structures with different values of geometric parameters - α and β and ma-

terials - Aluminum and CFRP composite. This helps us understand how

CFRP composite models perform compared to Aluminum models, and

how the optimal geometry differs. We use regression analysis to explore

the relationships between geometric parameters and global mechanical

responses. We further optimize the Miura-Ori structures by proposing

parameter R that linearly combines different targets (like stiffness and

Poisson’s ratio), as shown in Section 6.5. Finally in Section 6.5, we analyze

woven composite models by changing the weaving patterns to establish

how individual material properties control the global mechanical behavior.
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Comparison between rigid Miura-Ori and flexible

Miura-Ori structures

In order to compare the mechanical responses between rigid and flex-

ible Miura-Ori structures, we subject the two models to two different

load conditions: horizontal (X1) and vertical (X3) in-plane compression.

Specifically, we choose the origami model with α = 45◦ and β = 90◦ as a

case study and compare the response between origami structures made of

Aluminum and CFRP composites.

Table 6.2 shows the comparison between stiffness and Poisson’s ratio be-

tween rigid and flexible Miura-Ori structures. We observe that adding

flexible resin in the Miura-Ori hinges will significantly reduce the stiffness

and the absolute value of negative Poisson’s ratio (NPR) in specific loading

directions. Thus for the remainder of this paper, we primarily consider

origami structures without resin, that is, rigid Miura-Ori structures.

Table 6.2: Mechanical properties of Miura-Ori models with (flexible) and
without (rigid) resin at the hinges

Loading Direction Aluminum Aluminum with Resin CFRP CFRP with Resin

In-plane X1 Load Max K (N/(mm)) 8.42 1.59 2.36 0.842
Max NPR -0.512 -0.887 -0.351 -0.707

In-plane X3 Load Max K (N/(mm)) 12.99 1.48 6.70 1.26
Max NPR -0.395 -0.395 -0.577 -0.399
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Influence of geometric parameters on global mechanical

responses

Next, we explore how the optimal stiffness and Poisson’s ratio change with

respect to different geometric angles within rigid Miura-Ori structures

with isotropic (Aluminum) and directional (CFRP composite) material.

To explore such behavior, we consider the mechanical loading of Miura-

Ori models in horizontal in-plane compression (X1) and vertical in-plane

compression (X3). We calculate weight normalized properties, effective

stiffness, and Poisson’s ratio. For different values of angles α and β, the

weight normalized value for any property is defined as Snorm = S/m,

where S is the property, and m is the weight of the geometry. We then

investigate optimal origami structures by comparing the normalized me-

chanical properties between isotropic and directional materials.

Weight normalized stiffness and Poisson’s ratio in compression along

X1 axis

Figure 6.6 and Figure 6.7 show the weight normalized stiffness and Pois-

son’s ratio maps for directional and isotropic Miura-Ori structures when

compressed in the X1 direction. Specifically, to represent the negative

Poisson’s ratio in the Log scale, we calculate the Log scale of the absolute

value of the negative Poisson’s ratio and then add the negative sign. The

horizontal and vertical axes in these figures are the geometric angles - α
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and β that control model’s shape. From Figure 6.6 and Figure 6.7, we

observe the following:

1. Figure 6.6(a) shows the weight normalized stiffness contour for the

isotropic case, where we observe that the optimal geometry corre-

sponding to maximum stiffness occurs when α approaches 0◦ and

β approaches 180◦. As α decreases, the structure is compact in the

X3 direction, which is perpendicular to X1. While, as β increases,

the structure approaches a flat surface. Consequently, these two sce-

narios in combination result in a stiffer structure when compressed

along the X1 direction. On the other hand, we notice that the opti-

mal geometry that manifests the maximum value of negative weight

normalized Poisson’s ratio corresponds to α and β approaching 0◦.

2. Compared to the isotropic model, the directional model has a simi-

lar optimal shape with respect to both stiffness and Poisson’s ratio.

Moreover, when fiber direction is in line with the loading direction,

as in case 1 shown in Figure 6.2(a), we observe that the directional

model can manifest higher magnitudes of maximum normalized

stiffness and negative Poisson’s ratio compared to the isotropic model

when compressed along X1 direction.
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(a) (b) (c)

Figure 6.6: Weight normalized stiffness values (N/(mm∗g)) of Miura-Ori
models when compressed along X1: (a) isotropic case (b) fiber direction
Case 1 (c) fiber direction Case 2

(a) (b) (c)

Figure 6.7: Weight normalized Poisson’s ratio values (1 × 103/g) of Miura-
Ori models when compressed along X1: (a) isotropic case (b) fiber direc-
tion case 1 (c) fiber direction case 2

Weight normalized stiffness and Poisson’s ratio in compression along

X3 axis

Figure 6.8 and Figure 6.9 show the weight normalized stiffness and Pois-

son’s ratio values for directional and isotropic Miura-Ori structures when

compressed along X3 direction.

From Figures 6.8 and 6.9, we observe the following:

1. From the stiffness contour for the isotropic model shown in Fig-
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ure 6.8(a), we observe that the optimal geometry that has the maxi-

mum stiffness corresponds to α approaching 0◦ and β approaching

180◦. This optimal geometry is similar to that determined for the pre-

vious loading direction: compression along X1. Figure 6.3(b) shows

an example Miura-Ori structure with very small α (15◦) and large β

(150◦). As for Poisson’s ratio, we notice that the optimal geometry to

possess a maximum value of negative weight normalized Poisson’s

ratio corresponds to α approaching 90◦ and β approaching 60◦ as

shown in Figure 6.9(a).

2. Compared to the isotropic model, the directional model (fiber di-

rection case 1 and case 2) has similar optimal geometric parameters

for both stiffness and Poisson’s ratio values. However, we notice

that the material direction in Miura-Ori structures dramatically in-

fluences on the value of weight normalized stiffness and Poisson’s

ratio. When the fiber direction is in the same direction of load, as

in case 2 shown in Figure 6.2(a), directional Miura-Ori structures

can effectively increase both maximum weights normalized stiffness

and negative Poisson’s ratio in the X3 direction as compared to the

isotropic Miura-Ori structure.
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(a) (b) (c)

Figure 6.8: Weight normalized stiffness values (N/(mm∗g)) of Miura-Ori
models when compressed along X3: (a) isotropic case (b) fiber direction
case 1 (c) fiber direction case 2

(a) (b) (c)

Figure 6.9: Weight normalized Poisson’s ratio values (1 × 103/g) of Miura-
Ori models when compressed along X3: (a) isotropic case (b) fiber direc-
tion case 1 (c) fiber direction case 2

Miura-Ori structure optimization based on regression

analysis

In order to optimize the Miura-Ori structure, we introduce a regression

analysis approach to mathematically represent the stiffness and Poisson’s

ratio of Miura-Ori structures as described in Section 6.4. In this section,

we will first validate the accuracy of our proposed regression model by

comparing it to FEA results. We will then use our regression model to
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establish the optimal geometric parameters of the Miura-Ori structure

based on different stiffness and Poisson’s ratio values.

Regression model selection and performance prediction

From the Stepwise Regression analysis discussed in Section 6.4, we observe

that nine parameters related to α and β are significant for representing

the regression model. However, after setting up the regression model, we

noticed that parameters related to α0.5 could cause large over-fitting issues.

Thus we keep seven significant parameters and set up our regression

model as Equation 7.1.

K = w01 +w11α+w21α
2 +w31α

3 +w41β+w51β
2 +w61β

3 +w71αβ

ν = w02 +w12α+w22α
2 +w32α

3 +w42β+w52β
2 +w62β

3 +w72αβ

(6.7)

where wij refer to different regression coefficients.

Figure 6.10 and 6.11 show examples of how the regression model predicts

the contour compared to our FEA results on stiffness and Poisson’s ratio

when loading is applied in the X1 direction. Comparing the contours

(a)-(b) and (c)-(d) in the two figures, we notice that our regression model

could effectively capture the contour trend and the maximum/minimum

locations and also provide a good prediction of the nodal values.
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(a) (b)

(c) (d)

Figure 6.10: Comparison of regression model prediction and FEA results
of Miura-Ori structures with isotropic material: (a) FEA contour and
(b) regression model predicted contour for weight normalized stiffness
(N/(mm ∗ g)); (c) FEA contour and (d) regression model predicted con-
tour for weight normalized Poisson’s ratio (1 × 103/g). Compressive
loading was applied in the X1 direction.

Optimal Miura-Ori structure considering stiffness and Poisson’s ratio

After obtaining the regression model, we further utilize the model to

determine optimal geometry with respect to the model’s stiffness and

Poisson’s ratio. To set up a model combining different regression models

for stiffness and Poisson’s ratio, we define an abstract parameter R, which
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(a) (b)

(c) (d)

Figure 6.11: Comparison of regression model prediction and FEA results
of Miura-Ori structures with directional material: (a) FEA contour and
(b) regression model predicted contour for weight normalized stiffness
(N/(mm ∗ g)); (c) FEA contour and (d) regression model predicted con-
tour for weight normalized Poisson’s ratio (1 × 103/g). Compressive
loading was applied in the X1 direction.

is the linear combination of two normalized parameters: R = c1
K

|K|max
+

(−1)n(1−c1)
ν

|ν|max
, where c1 ∈ [0, 1], is a coefficient that reflects the weights

between stiffness and Poisson’s ratio and can be arbitrarily adjusted. For

example, c1 can be set to a smaller value if we focus on Poisson’s ratio’s

optimization. n is a value that controls the sign of the second term: n = 1

when we want maximum stiffness and maximum negative Poisson’s ratio,
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and n = 2 when we want maximum stiffness and maximum positive

Poisson’s ratio. |K|max and |ν|max are the max absolute values of the

stiffness and Poisson’s ratio contours, which are constants and can be set

as a value based on FEA analysis or user’s knowledge.

To determine the optimal geometry, we take the first derivative of the

function R and set it to zero, as shown in Equation 6.8.

Rα =
∂R

∂α
=

c1

|K|max

∂K

∂α
+ (−1)n 1 − c1

|ν|max

∂ν

∂α
= 0

Rβ =
∂R

∂β
=

c1

|K|max

∂K

∂β
+ (−1)n 1 − c1

|ν|max

∂ν

∂β
= 0

(6.8)

Equation 6.8 generates a system of equations with respect to α and β.

Pairs of α and β could uniquely determine the Miura-Ori pattern. For

example, here, we consider the weights between stiffness and Poisson’s

ratio to be the same, that is, c1 = 0.5. In Figure 6.12, we plot the contour

of R for isotropic and directional Miura-Ori structures (where fiber and

compression loading are in X3 direction) and calculate the analytical

solution from the expression of R using Equation 6.8; it turns out the

analytical solution matches with contour generated from discrete FEA data.

This further proves that our proposed construction of abstract parameter

R can linearly combine optimization requirements on both stiffness and

Poisson’s ratio analytically and numerically.
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(a) (b)

Figure 6.12: Map of the abstract parameter R for Miura-Ori structures un-
der compression loading in the X3 direction with (a) an isotropic material
model and (b) a directional material model (fiber in the X3 direction).
Also shown is the optimal geometry determined using the contour and
regression model analytical solution.

Influence of individual material property on Miura-Ori

structures

To understand how different material properties affect the Miura-Ori struc-

ture given fixed geometric parameters α and β, we consider several struc-

tures with fixed geometries and test how different materials change the

structure’s mechanical responses. For example, we consider different com-

binations of α = 30◦ β = 60◦, α = 30◦ β = 90◦, α = 45◦ β = 90◦, α = 75◦

β = 60◦ and α = 75◦ β = 90◦.

Here we show an example of a Miura-Ori structure with α = 45◦ and β =

90◦, but the same conclusion is valid for other combinations mentioned

above. First, we investigate how a composite’s individual material property

controls the Miura-Ori structure’s mechanical response. We consider
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six different artificial materials as shown in Table 6.3 where we change

individual material properties of the CFRP composites. Here, we envision

that the Miura-Ori structure could be made of woven composites since we

can change its in-plane responses with different weave patterns and yarn

materials. This enables us to investigate how in-plane material property

influences the corresponding mechanical responses by generating a series

of artificial materials. Hence, Miura-Ori structures are generated based

on woven CFRP composite, and we substitute some material properties

with Aluminum to consider artificial woven materials. Table 6.4 shows the

Miura-Ori structure’s mechanical responses for this geometry combination

(α,β = 45◦,= 90◦) under X1 direction load for different artificial materials.

Table 6.3: Input material properties of artificial woven materials
E1 (GPa) E2 (GPa) E3 (GPa) v12 v23 v13 G12 (GPa) G23 (GPa) G13 (GPa)

CFRP
Woven 85 85 12.1 0.3 0.3 0.3 5 0.765 0.765

Artificial
Woven 1 70 70 70 0.3 0.3 0.3 5 0.765 0.765

Artificial
Woven 2 70 70 70 0.33 0.33 0.33 5 0.765 0.765

Artificial
Woven 3 70 70 70 0.3 0.3 0.3 26.9 26.9 26.9

Artificial
Woven 4 85 85 12.1 0.3 0.3 0.3 26.9 26.9 26.9

Artificial
Woven 5 85 85 12.1 0.33 0.33 0.33 26.9 26.9 26.9

Artificial
Woven 6 85 85 12.1 0.4 0.4 0.4 5 0.765 0.765

Table 6.4: Mechanical properties of different woven composites under load
in X1 direction

α = 45◦,β = 90◦ CFRP
Woven

Artificial
Woven 1

Artificial
Woven 2

Artificial
Woven 3

Artificial
Woven 4

Artificial
Woven 5

Artificial
Woven 6

Stiffness Kc (N/mm) 3.15 3.15 3.15 9.14 9.14 10.10 3.37
Poisson’s ratio -0.887 -0.887 -0.887 -0.585 -0.585 -0.520 -0.851

From the results in Table 6.4, we show that: the shear modulus has the
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most significant impact on the Miura-Ori structure’s compressive stiffness

Kc and Poisson’s ratio (specifically NPR) compared to other parameters.

On the other hand, compression modulus has the least influence, and the

same trends are observed under load in the X3 direction.

Moreover, to understand how individual shear modulus (G12, G23, G13)

controls the Miura-Ori structure’s mechanical responses, we test different

combinations of in-plane and out-of-plane shear modules and calculate

the Increase Rate (IR) of Kc and NPR for different shear modulus. Here

IR is defined as the increase of targeting mechanical property based on

the unit increase in shear modulus. We calculate the IR of the Miura-Ori

structure with different values of α and β. Table 6.5 shows the IR of some

example models, where Model 1 has α = 30◦, β = 90◦, Model 2 has

α = 45◦, β = 90◦ and Model 3 has α = 75◦, β = 90◦.

Table 6.5: Miura-Ori structure’s mechanical responses Increase Rate (IR)
under load in X1 direction

Control material property Model 1 Model 2 Model 3
Kc IR NPR IR Kc IR NPR IR Kc IR NPR IR

In-plane shear modulus 0.13 5.26 0.25 22.90 1.52 137.20
Out-of-plane shear modulus 0.15 0.22 0.05 0.35 0.05 0.91

where Kc increase rate has the unit of N/(mm ∗GPa) and NPR increase

rate has the unit of 1/GPa.

According to the results in Table 6.5, we conclude that: (1) the out-of-plane

shear modulus is slightly dominant on the structure’s stiffness (Kc) when

α is small. As α increases, in-plane shear modulus rapidly becomes more

significant for the structure’s stiffness. (2) the in-plane shear modulus
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always plays a dominant role on NPR compared to the out-of-plane shear

modulus. The same trend is also observed under loading in the X3 direc-

tion. Thus, we conclude that the in-plane shear modulus generally has the

most significant role in controlling the Miura-Ori structure’s mechanical

response than the out-of-plane shear modulus.

6.6 Conclusions

This paper presents a detailed analysis of isotropic and directional Miura-

Ori structures’ mechanical responses using Finite Element Analysis. We

investigated the Miura-Ori structure’s optimal geometry for different ma-

terials and loading conditions. We proposed a regression model that can

represent the relationship between the structure’s geometric parameters

(α, β) and its mechanical response and determine the optimal shape an-

alytically. At last, using the notion that flexibility in composite material

properties could potentially be achieved using different weave patterns

and yarn materials, we analyzed how individual material property is

controlling the structure’s mechanical responses. The relationship of ma-

terial and geometric parameters to the Miura-Ori structure’s mechanical

responses explored in this paper and the regression model to analytically

represent the Miura-Ori structure can be further used in the future to

guide the Miura-Ori structure design and optimization.

Key contributions to this paper are:
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1. This is the first attempt to understand how material properties and

geometric parameters influence the Miura-Ori structure, especially

for directional Miura-Ori models (like CFRP composite).

2. We analyze isotropic and directional Miura-Ori structures with dif-

ferent geometries. We conclude that composite materials within

the Miura-Ori structure could improve the mechanical responses

compared to the isotropic model. This leads to more flexibility in

Miura-Ori structural design and application.

3. We investigate the relationship between the geometric parameters

and mechanical response (stiffness, negative Poisson’s ratio) of Miura-

Ori structures with isotropic and directional materials. We determine

that the optimal geometry is similar for different materials consid-

ered.

4. To balance the optimization requirement between different mechani-

cal responses, like stiffness and negative Poisson’s ratio, we present

a regression analysis to analytically represent the mechanical re-

sponses as a function of geometric parameters. The regression mod-

els are further used to predict the Miura-Ori structure’s mechanical

responses analytically and deliver optimal design.

5. We show that shear modulus is dominant in controlling the Miura-

Ori structure’s stiffness and Poisson’s ratio among different material

properties. We demonstrate this by using woven composites and
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their flexibility in potentially changing the material properties within

Miura-Ori structures.
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7 densification mechanics of polymeric

syntactic foams

Pavana Prabhakar, Haotian Feng, Sabarinathan P. Subramaniyan, Mrityun-

jay Doddamani, Densification Mechanics of Polymeric Syntactic Foams,

Composites Part B: Engineering 232 (2022): 109597.

Abstract

In this paper, a fundamental understanding of the densification mechanics

of polymeric syntactic foams under compressive loading is established.

These syntactic foams are closed cell composite foams with thin-walled

microballoons dispersed in a matrix (resin) whose closed cell structure pro-

vides excellent mechanical properties, like high strength and low density.

There are several parameters that can contribute towards their mechan-

ical properties, including, microballoon volume fraction, microballoon

wall thickness, bonding between the microballoons and the matrix, and

the crushing strength of microballoons. Conducting purely experimental

testing by varying these parameters can be very time sensitive and expen-

sive. Also, identification of densification mechanics is challenging using

experiments only. Higher densification stress and energy are favorable

properties under foam compression or crushing. Hence, the influence of

key structural and material parameters associated with syntactic foams

https://www.sciencedirect.com/science/article/pii/S135983682100963X
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that dictate the mechanics of densification is studied here by implementing

micromechanics based computational models and multiple linear regres-

sion analysis. Specifically, specific densification stresses and energy, which

are densification stresses and energy normalized by weight, are evaluated

which are more relevant for a wide variety of weight saving applications.

Microballoon crushing strength and volume fraction are identified as the

parameters that have the higher influence on densification stress and en-

ergy, and their specific counterparts, whereas the interfacial bonding has

the least impact. In addition, designing aspects of syntactic foams with

specified overall density are discussed by mapping microballoon volume

fraction and wall thickness. The regression model allows for establishing

wall thicknesses and corresponding volume fractions that result in higher

densification properties for a specified overall foam density.

7.1 Parametric Space

Table 7.1 shows the types and range of parameters considered in this

study. Four different GMB volume fractions Vmb are considered, which

includes 0% (pure HDPE resin), 20%, 40% and 60% by volume of GMBs

in the model domain. Varying extents of interfacial bonding between

GMBs and HDPE resin are modeled by considering coefficient of friction

values of µf = 1 (perfect bonding), 0.1 (intermediate bonding) and 0.01

(no bonding). Compressive stress-strain responses are first determined
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with linear elastic properties of GMBs. This is followed by considering

elastic - perfectly plastic properties for the GMBs to model their crushing

under compressive loading. The plastic yield strengths (σp) considered

are 100, 1,000 and 10,000 MPa. In each model, all GMBs are considered to

have the same strength values, and a distribution is not considered here.

It is worth noting that crushing can initiate at some weaker GMBs first

followed by stronger ones. Hence, this is a limitation of our model. Two

wall thicknesses (t) of 1.08 µm [66] and 2.16 µm (double that of the first)

are considered for the GMBs. The outer radius of the GMBs is maintained

constant at 22.5 µm and the wall thickness changes towards the interior

of the hollow particle. This ensures that the matrix volume fraction is

maintained, while the GMB thickness is varied.

Table 7.1: Parameters considered in this study

Parameter Parameter Range
GMB Volume Fraction (Vmb %) 0, 20, 40, 60

Coefficient of Friction (µf) 1.0, 0.1, 0.01
GMB Material Type Linear Elastic, Perfectly Plastic

GMB Plastic Yield Strength (σp MPa) 102, 103, 104

GMB Wall Thickness (t µm) 1.08 , 2.16

7.2 Multiple Linear Regression Analysis

Multiple linear regression analysis explores the relationships between

several independent variables (x1, x2, ..., xn) and a targeted dependent

variable (y) through fitting a linear equation as shown in Equation 7.1.
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Coefficients of this linear equation (a0,a1, ...,an) describe how each inde-

pendent variable controls the value of the target variable,

y = a0 + a1x1 + a2x2 + a3x3 + a4x4 + ... + anxn (7.1)

Four different parameters shown in Table 7.1 are used as independent

variables (except GMB material type) and four different target variables

are considered: densification stress, specific densification stress, densifi-

cation energy and specific densification energy. Independent variables

are re-scaled within the range of [0,1] using min-max scaling defined in

Equation 7.2.

x ′ =
x− min x

max x− min x
(7.2)

In this paper, volume fraction (Vmb), plastic yield strength (σp) and wall

thickness (t) are rescaled as V̂mb, σ̂p and t̂, respectively. Since the mini-

mum value for these three parameters can be zero, we set the minimum

value to be zero and maximum value to be the maximum data sample

value we obtained. Equation considered for each target variable is shown

in Equation 7.3, and details about the cross terms will be discussed in
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section 7.3.

densification stress = a01 + a11t̂+ a21σ̂p + a31V̂mb + a41µf + cross terms

specific densification stress = a02 + a12t̂+ a22σ̂p + a32V̂mb + a42µf + cross terms

densification energy = a03 + a13t̂+ a23σ̂p + a33V̂mb + a43µf + cross terms

specific densification energy = a04 + a14t̂+ a24σ̂p + a34V̂mb + a44µf + cross terms

(7.3)

7.3 Results

Compressive Response of GMB/HDPE Syntactic Foams

The hyperelastic response of HDPE was successfully modeled using the

experimental compressive stress-strain response obtained from Jayavard-

han and Doddamani [66] as shown in Figure 7.1 (Cyan). The compressive

stress-strain response of syntactic foams with varying GMB volume frac-

tions and particle size distributions were modeled first assuming linear

elastic properties for the GMBs. The compressive stress-strain responses

of syntactic foam models with varying GMB volume fractions, GMB wall

thicknesses, and particle size distribution (uniform and polydistribution)

are shown in Figure 7.1. GMB volume fractions of 17%, 35%, and 50% are

considered in these models to compare against the experimental stress-

strain responses from Jayavardhan and Doddamani[66]. The wall thick-

ness (t) considered in the computational model of the thin wall case
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(Figure 7.1(a)) matches that of the microballoon wall thickness in the

experiments [66].)

Thin Wall Thick Wall

(a) (b)

Figure 7.1: Comparison of experimental and computational compressive
stress-strain response of foams with varying GMB volume fraction: (a)
Thin wall GMBs; (b) Thick wall GMBs.

A general trend in these stress-strain responses is that increasing GMB

volume fractionVmb reduces the densification stresses. Densification stress

is defined as the stress corresponding to 0.4 mm/mm compressive strain

in this study. We also observe that the GMB size distribution has marginal

impact on the stress-strain response compared to that with uniform GMB

size. Thus, we will consider uniform GMB size for the remainder of this

paper.

As compared to experimental stress-strain graphs, the densification stresses

computationally determined for the thin wall case are comparable for lower

Vmb like 17% and 35%, but are higher for higher Vmb like in the case of

50%. This is because, as the Vmb increases, their collapse has a higher

impact on the densification stresses and thus needs to be captured in the
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model. Hence, next we considered elastic - perfectly plastic properties

for the GMB particles, which will be discussed in the next section. It is

worth noting that the difference in the compressive stress-strain responses

determined computationally for thick walled GMB models with linear

elastic properties have lesser variation with changing Vmb as shown in

Figure 7.1(b).

Densification Stresses and Energy Absorption of

GMB/HDPE Syntactic Foams

Compressive stress-strain response of GMB/HDPE syntactic foam models

with elastic - perfectly plastic properties for the GMBs is presented here.

The plastic yield strength (σp) values are considered to be 102, 103 and 104

MPa, which represent different crushing strengths of the GMBs. Figure 7.2

shows the compressive stress-strain graphs for different GMB volume

fractions (Vmb), GMB wall thicknesses (t), and interfacial bonding (µf)

between GMB and HDPE. These are compared against the compressive

stress-strain response of pure HDPE.
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Figure 7.2: Compressive stress-strain response of foams with varying
GMB volume fraction Vmb. (a) Thin wall thickness and no interfacial
bonding; (b) Thick wall thickness and no interfacial bonding; (c) Thin
wall thickness and perfect interfacial bonding; (d) Thick wall thickness
and perfect interfacial bonding

As expected, increasing the GMB volume fraction Vmb decreases the den-

sification stresses. Further, higher GMB σp increases the densification

stresses as higher stresses are required to crush the GMBs. Higher t im-

proves the compressive response, however, special attention should be

paid towards weight gain due to an increase in GMB wall thickness. This

is addressed in the following sections by presenting maps of weight nor-

malized densification stress and energy absorption values with varying

foam parameters. In general, we observe that better interfacial bonding
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µf results in a slight improvement in the overall compressive response.

This is a manifestation of improved load transfer due to good bonding

between the microballoons and matrix in the syntactic foams that prevents

microballoons from slipping.

Densification stresses

Next we compare the densification stresses for the complete parametric

space that was investigated within this study. Figure 7.3 shows maps of

densification stresses which indicate the influence of GMB volume fraction,

GMB/HDPE bonding, GMB yield strength, and GMB wall thickness. The

densification stresses increase with increasing plastic yield strength for

each GMB volume fraction, regardless of interfacial bonding and GMB

wall thickness. This is expected as the densification stress depends on the

crushing strength of GMB particles.
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Figure 7.3: Maps of densification stresses with varying GMB volume
fraction Vmb, plastic yield strength σp, wall thickness and GMB/HDPE
interfacial bonding

Although densification stress maps shown in Figure 7.3 provide insights

into the influence of individual parameters, it is more interesting and

valuable to compare the specific densification stresses, that is, weight

normalized densification stresses. Note that the weight of syntactic foams

decrease with increasing GMB volume fraction, but also increase with

increasing wall thickness.
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Figure 7.4: Maps of specific densification stresses with varying GMB
volume fraction Vmb, plastic yield strength σp, wall thickness and GM-
B/HDPE interfacial bonding

Figure 7.4 shows the maps of specific densification stresses with vary-

ing GMB volume fraction, plastic yield strength of GMB particles, GMB

wall thickness, and GMB/HPDE interfacial bonding. For syntactic foams

with thin walled GMBs (Figure 7.4 (a) and (c)), the specific densifica-

tion stresses decrease with increasing GMB volume fraction for all GMB

strength values and the type of GMB/HDPE bonding. Enhanced interfacial

bonding does improve the specific densification stresses (Figure 7.4(c)),

and its effect is pronounced at higher GMB strengths. For syntactic foams

with thick walled GMBs and no bonding at the GMB/HDPE interfaces

(Figure 7.4(b)), the trend of specific densification stresses is similar to that

of syntactic foams with thin walled GMBs at lower GMB yield strengths.

However, a change in this trend is observed at higher GMB yield strengths,
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and is pronounced in syntactic foams with thick walled GMBs and perfect

bonding at GMB/HDPE interfaces (Figure 7.4(d)). That is, the specific

densification stresses decrease with increasing GMB volume fraction with

low strength GMBs, however, they increase with increasing GMB vol-

ume fraction with high strength GMBs. Mathematical description of such

trends using regression analysis is shown later in section 7.3.
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Figure 7.5: Maps of densification energy with varying GMB volume frac-
tion Vmb, plastic yield strength σp, wall thickness and GMB/HDPE inter-
facial bonding

Densification Energy

Next we present maps of densification energy similar to that of the densifi-

cation stresses for all the parameters considered in this study. Densification

energy is defined as the area under the compressive stress-strain graphs

until a compressive strain of 0.4 mm/mm. Figure 7.5 and Figure 7.6 show

the maps of densification energy and specific densification energy. The
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trend in these properties are similar to that of densification stresses and

specific densification stresses, respectively.
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Figure 7.6: Maps of specific densification energy with varying GMB
volume fraction Vmb, plastic yield strength σp, wall thickness and GM-
B/HDPE interfacial bonding

Deformation of GMB/HDPE Syntactic Foams

Next we visually compare the deformation contour maps of syntactic

foams corresponding to a compressive strain of 0.4 mm/mm as shown

in Figure 7.7. As compared to Figure 7.7(a), we observe that the walls of

the GMB particles are debonded from the matrix (HDPE) in Figure 7.7(b)

due to poor or no interfacial bonding. Further, the GMB particles in Fig-

ure 7.7(b) are more severely deformed, that is, they have lower stability as

compared to those in Figure 7.7(a) when other parameters are held con-

stant. We also observe that GMB particles with higher yield strength and
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thicker walls have better structural stability against crushing or collapse.
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Figure 7.7: Displacement field along the x-axis at 0.4 mm/mm compressive
strain

Identifying the Influence of Individual Parameters

Although insightful, the maps of densification stresses, energy, and their

specific values shown in Figures 7.3 to 7.6 do not provide clear distinction

about particular parameters that have the highest or the lowest influence

on these properties. Hence, we present here the results from a multiple

linear regression analysis that will aid us in identifying the influence of

individual parameters considered in this study. We first determine the

form of the linear regression models for the four targeted variables (den-

sification stress, specific densification stress, densification energy, and

specific densification energy) as shown in Equations 7.3. In addition to

wall thickness (t), yield stress (σp), microballoon volume fraction (Vmb),

and coefficient of friction (µf), Figures 7.4 and 7.6 reveal that cross terms

related to Vmb can change the trends in specific densification stress and
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specific energy absorption. For instance, in Figure 7.4(d), specific densi-

fication stress reduces with increasing volume fraction at yield strength

of 100 MPa. However, this property increases with increasing volume

fraction at yield strength of 10,000 MPa. This indicates the existence of

cross term σ̂pV̂mb that needs to be considered in our regression model.

Similarly, comparisons between Figure 7.4(b) and Figure 7.4(d) as well

as Figure 7.4(c) and Figure 7.4(d) suggest that cross terms t̂V̂mb and

µfV̂mb may have a impact on the regression model. Thus, the expanded

expression for Equation 7.3 is shown in Equation 7.4.

ds = a01 + a11t̂+ a21σ̂p + a31V̂mb + a41µf + a51t̂V̂mb + a61σ̂pV̂mb + a71µfV̂mb

sds = a02 + a12t̂+ a22σ̂p + a32V̂mb + a42µf + a52t̂V̂mb + a62σ̂pV̂mb + a72µfV̂mb

de = a03 + a13t̂+ a23σ̂p + a33V̂mb + a43µf + a53t̂V̂mb + a63σ̂pV̂mb + a73µfV̂mb

sde = a04 + a14t̂+ a24σ̂p + a34V̂mb + a44µf + a54t̂V̂mb + a64σ̂pV̂mb + a74µfV̂mb

(7.4)

We obtained the coefficients for each dependent variable by performing

multiple linear regression analysis in Matlab and Python. The coeffi-

cients are shown in Figure 7.8. Note that the sign of a3i is negative. The

values of coefficients are further validated with bootstrapping method,

which expands the data set and delivers more stable statistical properties.

Relatively high values of cross-term coefficients support the necessity of

introducing cross-terms into the regression model. The signs of the first

four coefficients (a1i,a2i,a3i and a4i, where i=1,4), can be visually veri-
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fied in Figures 7.3 to 7.6. For instance, in Figure 7.3(a)-(d), densification

stress decreases with increasing Vmb (horizontally) while increases with

increasing σp (vertically), indicating that densification stress is negatively

correlated with Vmb and positively correlated with σp. A comparison

between Figure 7.3(a) and (b) proves that the sign for t̂ is positive, and

that between (b) and (d) proves that the sign for µf is also positive. To

summarize how these four independent parameters and cross-terms in-

fluence our target variables quantitatively, we group our target variables

into 1) densification terms and 2) specific densification terms.

(a) (b)

Figure 7.8: Coefficients from multiple linear regression analysis

• Densification terms

Coefficients of densification stress have trends similar to that of den-

sification energy as discussed previously in section 7.3. V̂mb (a31 and

a33) has the highest influence on these targets, followed by the cross

term σ̂pV̂mb (a61 and a63) and σ̂p (a21 and a23), indicating that mi-

croballoon volume fraction and yield strength are the two parameters



180

that have the highest influence over the values of densification stress

and energy absorption in the normalized scale. Among all other

terms, µf and its corresponding cross term have the least influence.

The influence of the coefficients corresponding to variables t̂, σ̂p, V̂mb,

and µf can be visually inspected from the contour maps shown in

Figures 7.3 and 7.5. For instance, in Figure 7.3, color changes in the

horizontal direction (volume fraction) in each plot is more significant

than that along the vertical direction (yield strength). A comparison

between maps Figure 7.3(a)-(b) and Figure 7.3(a)-(c) indicate that

the influence of wall thickness is higher than the extent of bonding.

This corroborates our finding from the regression analysis, where

the absolute value of coefficient corresponding to volume fraction is

the highest followed by yield strength and their corresponding cross

term, while the coefficient corresponding to µf has the lowest value.

This observation is in-line with that established experimentally by

prior researchers [122, 66, 10, 106] that the influence of interface is

lower on the compressive response of syntactic foams compared to

that of tensile response.

• Specific densification terms

Coefficients of specific densification stress also have trends similar to

that of specific densification energy. V̂mb has the highest influence

on these targets, followed by cross term σ̂pV̂mb and variable σ̂p.
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However, when compared to the coefficients in the corresponding

densification terms, the relative significance of t̂, V̂mb and t̂V̂mb are

reduced. An intuitive understanding of this phenomenon is that the

specific values are evaluated by per unit mass, where the total mass

is a function of V̂mb and t̂. Hence, the coefficients of t̂ (a12 and a14),

V̂mb (a32 and a34) and t̂V̂mb (a52 and a54) are expected to reduce

their influence on the specific densification quantities as compared to

the coefficients of the densification terms. As a result, the significance

of σ̂pV̂mb (a62 and a64) and σ̂p (a22 and a24) increased. Thus, we

further confirmed our visual observation with our regression model.

To summarize, GMB volume fraction and crushing strength have higher

influence over the densification and specific densification stress and energy

terms. These parameters can be controlled during fabrication by choosing

the material of GMB for their strength and the amount of particles added

to achieve a particular volume fraction.

Design Aspects - Syntactic Foams with Specified Overall

Density

Syntactic foams can be designed with different GMB volume fractions

and wall thicknesses. However, it is possible to achieve the same overall

density of syntactic foam with multiple different pairs of volume fraction

and wall thickness. In this section, we will discuss how the densification
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and specific densification stresses change for syntactic foams with the

same overall density. The conclusions can be extended to densification

energy terms as well.

The overall density (ρo) of syntactic foam is a function of the volume

fraction and wall thickness as shown in Equation 7.5.

ρo =
Mo

Volo
=

ρmVolm + ρmbVolmb

Volo
= ρm(1 − Vmb) + ρmbVmb

r2 − (r− t)2

r2

(7.5)

where, subscript m is for matrix, mb is for microballoon, and o is for the

overall syntactic foam. ρ is the density. Vmb is the GMB volume fraction

in the syntactic foam. M is the mass and Vol is the volume. r is the outer

radius of GMBs, and t is the wall thickness.

By rearranging Equation 7.5, we can derive a relationship between GMB

volume fraction and wall thickness as shown in Equation 7.6.

Vmb =
ρo − ρm

ρmb
r2−(r−t)2

r2 − ρm

(7.6)

We can graph Equation 7.6 for different values of overall syntactic foam

densities as shown in Figure 7.9, which is a visualization of the relation be-

tween the two parameters for several constant overall densities of syntactic

foams. Each curve in this figure is an isoline for density with varying pair

of Vmb and t.
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Figure 7.9: Variation of GMB volume fraction with wall thickness for
several specified syntactic foam densities

From Figure 7.9, we observe that for a fixed overall foam density (that is, a

particular curve), the GMB volume fraction increases as the wall thickness

increases. That is, syntactic foams with lower volume fractions and thinner

GMB walls can have the same overall density as that of foams with higher

volume fractions and thicker GMB walls.

To understand how different combinations of GMB wall thicknesses and

volume fractions impact the densification and specific densification stresses,

we utilize our trained regression model from Section 7.3 to estimate the-

ses quantities. For demonstration, we pick the perfect bonding syntactic

foam as our test case and a requirement of overall foam density to be

ρo = 0.66g/cm3. Density of HDPE matrix and GMBs are considered to

be ρm = 0.95g/cm3 and ρr = 2.54g/cm3, respectively. Outer radius of the

GMBs is 22.5 µm. Discrete yield strength (σp) values of 100 MPa, 1000

MPa, 3000 MPa, 6000 MPa, and 10000 MPa are considered for the GMBs.
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Wall thickness t is allowed to continuously vary from 1.1µm to 2.2µm.

Based on Equation 7.6, the GMB wall thickness changes will result in Vmb

to change from 40% to 60%.

(a) (b)

Figure 7.10: (a) Densification stress and (b) specific densification stress
with varying GMB wall thickness

By applying min-max normalization to these new parameters and using

our regression model, we obtain the densification stress and specific densi-

fication stress plots as a function of wall thickness t as shown in Figure 7.10.

From Figure 7.10, we can conclude that for different syntactic foams with

the same overall density: (1) both densification stress and specific densifi-

cation stress will in general increase as the wall thickness increases (and

consequently volume fraction increases). (2) higher GMB strength leads to

more significant changes in both quantities as the wall thickness increases.

Such trends can also be visualized and validated from Figure 7.3 and 7.4.

Thus, if we want higher densification and specific densification stresses,
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but keeping the syntactic foam density constant, we should choose GMBs

with larger wall thickness and at higher volume fractions. Higher strength

of the GMBs will further increase these quantities. It is worth noting that

the GMBs with thicker walls can have higher crushing strength, adding

further to the overall increase in densification quantities.

7.4 Conclusion

In this paper, we presented the mechanisms of densification in syntactic

foams with GMBs embedded in HDPE resin. We developed computational

models to understand the influence of key syntactic foam parameters

including, microballoon volume fraction (Vmb), wall thickness (t), yield

strength (σp), and the extent of interfacial bonding between microballoons

and matrix (µf). We elucidated the influence of these parameters on

densification stress and energy, and their corresponding specific (weight

normalized) values. Further, we developed a multiple regression model

to identify the influence of parameters that have higher influence on these

properties. Finally, we also performed a case study to explore design

aspects of syntactic foams with specified foam density, and the influence

of wall thickness and volume fraction on densification properties. Key

conclusions from our study are summarized here:

• Densification stress and energy increase with increasing plastic yield

strength for all GMB volume fractions, regardless of interfacial bond-
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ing and GMB wall thickness. This is reflective of the dependence

of densification stress and energy on the crushing strength of GMB

particles.

• Although densification properties provide insights into the influ-

ence of individual parameters, it is more interesting and valuable

to compare the specific densification properties, that is, densifica-

tion property divided by the weight of the corresponding syntactic

foam. The weight of syntactic foams decreases with increasing GMB

volume fraction, but increases with increasing wall thickness.

• In general, specific densification stress and energy decrease with in-

creasing microballoon volume fraction, and increase with increasing

microballoon yield strength for thin walled GMBs. However, we

observe a change in this trend for syntactic foams thick walled GMBs

at higher yield strength GMBs. Note that wall thickness influences

the weight of syntactic foams, but also increase crushing strength of

microballoons. Hence, the specific densification stress and energy

increase with increasing GMB volume fraction in syntactic foams

with high crushing strength and thick walled GMBs.

• The regression analysis performed in this study corroborated the

above-mentioned observations. That is, GMB crushing strength and

volume fraction showed higher influence over the values of specific

densification stress and specific densification energy, whereas in-
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terfacial bonding has the least influence. These parameters can be

controlled during fabrication by choosing the material and wall thick-

ness of GMB for their strength, and the amount of particles added

to achieve a specified microballoon volume fraction.

• We further investigated the design aspects for syntactic foams with

a specified overall density. For a specified overall syntactic foam

density, there exists a one-to-one mapping between the GMB volume

fraction and GMB wall thickness. Based on our regression model,

we show that a syntactic foam with higher GMB wall thickness and

higher volume fraction is preferred over one with lower GMB wall

thickness and lower volume fraction, although they could have the

same overall foam density. This is because the former case results

in higher densification properties. Moreover, higher strength GMBs

will further improve these quantities.
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8 ongoing projects

In addition to the research presented in this dissertation, I am currently

working on several ongoing projects in the field of composite material

analysis and optimization, using a variety of machine learning techniques.

These projects include:

Robust Physics-informed neural network (PINN) for composite mate-

rial design In this project, the focus is on developing a robust Physics-

Informed Neural Network (PINN) to solve the heterogeneous Poisson

equation, which governs the behavior of composite materials. While

PINNs have shown promise in solving various partial differential equa-

tions (PDEs), their performance can be limited in the presence of large

behavior transitions resulting from material transitions in composite mate-

rials. This project aims to address this issue by developing a more robust

PINN for solving the heterogeneous Poisson equation. Additionally, the

project extends to an inverse PINN problem, where the goal is to discover

the governing parameters within the Poisson equation using measured

scatter data.

Detecting microplastics using image segmentation and classification

This project focuses on using image segmentation and classification tech-

niques to detect defects in composite materials, specifically microplastics

in water flow. The first step is to use clustering and the Masked R-CNN
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algorithm to identify the location of microplastics. Then, the microplastics

are classified based on the reflected color from different wavelength lights.

Prediction of mechanical properties for 3D syntactic foam composite

My previous research primarily focused on analyzing 2D composite mate-

rials. However, in this project, I am utilizing machine learning methods to

predict the mechanical properties of 3D syntactic foam composites based

on their microstructure and composition.

Optimizing composite material using Reinforcement Learning In my

previous work, I demonstrated that reinforcement learning algorithms

can help find optimal composite material designs by making simple ge-

ometric changes to micromechanical models[33]. This project extends

that research to more complex syntactic foam composite models with

random variables such as microballoon size, number, and location within

the matrix.

Summary Overall, these ongoing research projects highlight the poten-

tial of machine learning techniques to revolutionize the field of composite

material analysis and optimization. By combining the power of deep learn-

ing with knowledge-based models and optimization algorithms, we can

develop more efficient and accurate approaches to designing composite

materials with tailored mechanical properties for specific applications.
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9 key contributions and future research

9.1 Key Contributions

My research investigates the potential of machine learning techniques

for composite material analysis and optimization. Specifically, I propose

knowledge-based machine learning frameworks that integrate existing

knowledge with machine learning to enhance prediction accuracy, partic-

ularly when data is limited. The key contributions of my research are as

follows:

1. I proposed a method to incorporate knowledge in the input, within

neural network architecture, and in the loss function to improve the

accuracy of predicting mechanical properties of composite materials.

This approach is especially useful when data is limited, and can en-

hance the effectiveness of machine learning algorithms in composite

material analysis.

2. I investigated the use of statistical learning and reinforcement learn-

ing methods to optimize composite materials, which is a novel ap-

proach in the field. This exploration reveals the potential of machine

learning algorithms to enhance composite material properties be-

yond the current state-of-the-art methods.

3. The proposed frameworks can be applied to improve the design of

a wide range of composite material systems, with potential appli-
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cations in industries such as aerospace, automotive, and renewable

energy. The findings of this research can inspire further investiga-

tion in this area and lead to the development of even more advanced

techniques for optimizing the performance of composite materials.

Overall, the key contributions of this research demonstrate the potential of

machine learning in composite material analysis and optimization. These

findings contribute to the ongoing development of advanced techniques

for improving the performance of composite materials.

9.2 Future Research

While this dissertation has made significant progress in using machine

learning for composite material analysis and optimization, there are still

many avenues for future research in this area. Here are some potential

directions for further study:

Transfer learning : Machine learning models trained on one composite

material system may not be directly applicable to another system. Future

research could explore the use of transfer learning techniques to adapt

machine learning models trained on one composite material system to

new systems, potentially reducing the amount of data required.

Robustness and generality : Our framework focuses on optimizing the

mechanical properties of composite materials, but there are other factors
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to consider, such as their robustness and reliability under different loading

conditions. Future research could explore the use of machine learning to

optimize composite materials for these additional factors.

Real-time optimization : The optimization process in our framework

requires significant computational resources, which may be impractical

in some real-world scenarios. Future research could explore the use of

machine learning to develop real-time optimization algorithms that can

quickly optimize composite materials on the fly.

Data-driven material design : Our framework requires a large amount

of data to develop accurate machine learning models. Future research

could explore the use of generative models, such as generative adversarial

networks (GANs), to generate synthetic data that can be used to train

machine learning models for composite material design.

Overall, these possible future research directions suggest that machine

learning has the potential to revolutionize the design of composite materi-

als, and we hope that this dissertation will inspire further research in this

exciting and rapidly evolving field.
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