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ABSTRACT OF THE THESIS

A Machine Learning Approach for Mining Structure-Property Linkages in Magnetorheological
Elastomer Composites

By

Xuan Che
Master of Science in Engineering

University of California, Irvine, 2018

Professor Lizhi Sun, Chair

Since it was firstly investigated in 1996, magnetorheological elastomers (MREs), consisting of

polymer and ferromagnetic particles, are one kind of smart composite materials whose

mechanical properties can be altered by external magnetic field. There has been a great

amount of research focusing on establishing the structure-property linkages in MREs by utilizing

experimental methods or numerical approaches such as finite element methods (FEM). In

recent years, data-driven methods, such as statistical continuum theories and machine learning

approaches, are emerging as a new toolset in materials science, which may open new

opportunities in investigating the structural-property linkage of MREs in a more efficient

manner.

In this thesis, a machine learning approach is employed to mine the structural-property linkages

of MREs both in and out of the presence of magnetic field. Features that could well represent

the microstructure of MREs are constructed and selected, following by a training and validating

process utilizing a regression tree algorithm for the prediction of the strain field of MREs under



x

a certain macroscopic load. It is demonstrated that contrast ratio of MREs has large effect on

the model performance. Also, this model is proven to be able to effectively predict the

localization property of MRE in both magnetic load conditions when contrast ratio is at

relatively low level.
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CHAPTER 1: INTRODUCTION

1.1 Background

1.1.1 Magnetorheological Elastomers

Magnetorheological (MR) materials are a kind of smart composite material whose mechanical

properties could be changed under magnetic field. MR material could be fluid, gel, or solid

material with ferromagnetic particles dispersed in the matrix. Since the magneto-rheological

phenomenon was discovered by Thomas Rabinow in 1951 [1], MR fluids have been suited to

many applications. However, there are many concerns about MR fluids regarding the yield

stress, stability and durability [2].

Consisting of polymer matrix and micron sized ferromagnetic particles, magnetorheological

elastomers (MREs) were firstly investigated by M. Jolly in 1996 [3]. Elastomers are used as

matrix because they are deformable and able to settle the ferromagnetic particles at room

temperatures. The most usually used ferromagnetic particles are pure iron particles and are

added to the elastomer before it was cured. The particles are either randomly dispersed

(isotropic) in matrix or aligned by applied magnetic field during the curing process (anisotropic).

Defined as the deformation and flow of matter under the influence of an applied stress, the

rheological properties of MREs can be altered in response to external applied magnetic field.

When magnetic field is applied to MREs, the iron particles become dipoles and magnetic

attractions occurs between the particles. This phenomenon will result in the change of

rheological properties including viscosity, elasticity and plasticity. The influence of magnetic

field on the mechanical properties of MREs was studied by Kallio in 2005 [4]. The study showed
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that both the stiffness and damping properties of isotropic and anisotropic MREs could be

increased by externally applied magnetic field. Several works published [3] [5] - [8] explained

the MR effect with dipolar interaction models. The magnetrostatic force between two adjacent

spheres at a short range is:

0

222

6
 HxrF  1-1

where r is radius of the spheres, x is magnetic susceptibility of a sphere per unit volume, H is

the intensity of applied magnetic field and μ0 is magnetic permeability of free space. The shear

and elastic modulus of MREs could be calculated from stored energy. When the composite is

deformed, the shear modulus of the particle network is:

3
0

23
r
mG



 1-2

where m is magnetic dipole moment. This equation shows that the shear modulus of MR

material will increase when applied with magnetic field. However, the elastic modulus could be

expressed as:

3

2
06
r
mE


 

 1-3

which shows that the elastic modulus of is reduced by the magnetic field.

Due to its field-dependent mechanical properties, MREs could be suited to many applications

such as automotive bushings and engine mounts [9], vibration sensing and controlling [10].
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1.1.2 Utilization of machine learning method in materials science and engineering

The concept of machine learning was described by A. Samuel in 1959 as “ a field of study that

gives computers the ability to learn without being explicitly”. Functions of machine learning

algorithms include analyzing, classifying and making predictions on data. Due to its wide

applications, machine learning is closely related to other fields such as computational statistics,

mathematical optimization, pattern recognition and artificial intelligent.

To solve problems by using machine learning, both a dataset describing the problem and a

machine learning model are needed. The dataset includes training data, which is used to train

the machine learning model, and validating data, which is used to evaluate the quality of the

model that was built after the learning process. Machine learning models could be separated

into two classes: supervised and unsupervised learning. In both classes, the machine learning

algorithms could get access to the training data, while the contents of the training data for the

two classes are different from each other. In supervised learning, the training data consists of a

set of input values and a corresponding set of output values which is to be predicted. However,

unsupervised learning doesn’t requires output values in the training data, as the algorithms will

be able to identify the patterns in the input values and produce the output from the input by

itself. The algorithm that is used in this thesis is M5 model tree [77], a decision tree algorithm

falling in the category of supervised learning.

Materials informatics is a concept in which information technology and data science are used to

discover the process-structure-property (PSP) [30] relationships to help with analysis or

development of new materials. As one of the most popular data-driven methods, machine
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learning has already been in materials science to predict material properties [11]-[15], design

new materials [16], diagnose defects or damages in materials [17]-[19], etc. All these

applications are further discussed in the rest of this section.

1.1.2.1 Structure-property relationships

Methods to predict property of new materials without experiments or laborious calculations

has been widely explored these years. The goal of these methods is to map the linkages

between the material structure (crystalline structure, polymer chain structure, localization of

composite materials, etc.) and properties (Young’s modulus, atomization energy, formation

energy,etc). Algorithms such as Kernel ridge regression (KRR) [13] [34], decision trees [11] and

neural networks [14] has been used in these applications.

Figure 1-1. A perspective on the role machine learning plays in properties prediction. This image is reproduced from
[84]
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To predict material property based on its crystal structure, past information of the material is

required , however, sometimes there may not be sufficient past information. Because material

properties could be computed based on quantum mechanics, if the quantum mechanical data

of compounds within a subset is available from a existing library, the property of the new

materials within the same subclass will be able to be predicted [13][34][35]. Fingerprints

representing material structures, which is obtained from a “feature extraction” process, are

used to map the linkages. One recent research utilizes data computed with density functional

theory (DFT) to built KRR-based machine learning models to predict properties of polymeric

infinite chains such as atomization energy, the formation energy, the lattice constant, the

spring constant, the band gap, the electron affinity, and the optical and static components of

the dielectric constant [13]. Another algorithms, such as neural networks [36] [37] and genetic

programming algorithm [38] [39], is also used to predict properties other than atomization

energy from atomic structures.

There are also some other researches focusing on the utilization of machine learning algorithms

to predict properties from larger scale structures. The properties of composite materials could

be predicted from their microstructure or localization, other than atomic structures [11] [12]

[14] [15]. As shown in Figure 1-1, the procedure of these approaches are very similar to that

mentioned in the last paragraph, however, the training dataset is from finite element analysis

(FEA), other than DFT. Algorithms that are employed in these works includes decision trees and

convolutional neural networks. These methods will be further discussed later in the following

sections and chapters.
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1.1.2.2 Micrograph analysis

By utilizing image processing techniques, the process of obtaining useful information from 2D

sectional micrographs has been automated in recent years [84], which could accelerated the

development and investigation of new materials. One dominant method for automated

microstructure identification is quantifying the spatial arrangement of microstructure “building

blocks” [84], such as grains. By using feature extraction, the microstructure is firstly converted

into grain regions identified by structural properties. The feature extraction techniques used

here [40]-[44] include edge/blob detection, neural network and graphical model-based

segmentation. An algorithm that has been used to compute microstructure spacial

arrangement is N-point statistics [40]. Another approach for for automated microstructure

identification involves quantifying the distributions of their shapes. The shapes of the grain

could be computed using a set of moment invariants. For example, in [45], the grains shape

distribution in a Ni-Al binary are identified through their projection into the moment invariant

space from a 2D phase field simulation of it.

1.1.2.3 Materials processing and materials behavior

Machine learning methods, especially neural networks, has been widely employed in the area

of smart manufacturing and materials processing in recent years. Because of its ability to map

complex linear/non linear relationships, neural networks could be used to predict flow behavior

of alloy at high temperature [46], surface roughness and material removal rate [47], strength

and ductility [48] [49]. The model could capture complex macroscopic materials behavior from

variance parameters, thus could potentially help create highly customized products with higher

quality at lower cost.
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1.1.2.4 Other applications

There are also some other applications for fundamental investigations in materials science,

such as phase diagram determination [51] [52] [53], crystal structure predictions [54], and

establishing lattice models [55] [56] [57].

The phase diagram prediction is realized by using high-throughput combinatorial experiments

[84]. After spreading a three component system on a wafer at room temperature, clustering

algorithms are used to distinguish between spectra and group spectra in X-ray microdiffraction

(XRD) spectrum of the wafer and large fractions of phase diagrams could be mapped out.

Crystal structure prediction is realized by identifying the atomic arrangement with the

minimum energy. In this application, machine learning algorithms could be used to predict the

potential energy surface or directly predict the crystal structure by mining a data base of known

crystal structures, which is called “Data Mining Structure Predictor” [54]. Lattice models are

functions that express the material properties in terms of variables describing the site states in

a lattice. Cluster expansion models could be used to extend the approach of the lattice model

[84]. Active learning approach could be incorporated into the generation of cluster expansions

[84].

1.2 Problem statement and methods

Since non-destructive characterization methods, such as x-ray micro-computed tomography (X-

μCT), was widely used in the three-dimensional investigation of the morphology of MRE

materials, quantitative analysis of the geometrical properties of particles in MRE become

possible [22]-[25]. Information such as size and center coordinates of the magnetic particles
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could be extracted from the three-dimensional images and organized into a database for

further study [22]. As mentioned in the former paragraph in this thesis, information such as

microstructure descriptors [26]-[29] could be used as features to train machine learning models

for the prediction of material properties. This enables the possibility of utilizing machine

learning models to predict the mechanical properties of real composite material samples from

their X-μCT images.

Many methodologies for mining the structure-property linkages in composite materials have

been studied in recent years [11]-[12] [14] [30]-[31]. Relationship between spatial distribution

of the response at microscale and an imposed loading at macroscale, which is called as

localization [11], could play an important role in correlating macroscale properties of composite

material with possible damage initiation in the microstructure. In the former studies,

localization relationship for elastic deformation in two phase composite materials was

extracted by using material microstructure as input and microscale elastic strain field under

certain macroscale loading condition as output [30]-[33]. Compared with conventional

numerical methods such as finite element analysis (FEA), this data-driven method is proven to

be more efficient because the calculation cost is much smaller [11]. As one kind of two-phase

composite material, MRE has similar properties as normal composite materials without

magnetic field, while exhibits special mechanical properties under magnetic field. In this thesis,

the method from the former research is used in MRE. Besides a macroscale deformation, a

magnetic field is also applied to the composite for the training data preparation. Thus this

thesis is especially about a machine learning approach for mining the structure-property linkage

of MREs.
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1.3 Thesis outline

This thesis is organized as follows:

 Chapter 2 addresses the detail of the method that is used in this research. The whole

procedure of the data-driven method is firstly described. Then, each of the steps is

explained in details, including how the MVEs are designed, how the loads are applied, how

the features of the microstructure is constructed and selected, and how the machine

learning model is constructed and validated.

 Chapter 3 describes results of the data experiments when MREs are not under magnetic

field. The effects of number of features and contrast ratio of the two phases are

investigated. An additional attempt to improve the performance of the model at high

contrast ratio by involving higher order features is also made.

 Chapter 4 goes further into the circumstance when a 0.2T magnetic field is applied to MREs.

In addition to the MVEs described in Chapter 2, a larger MVE with finer mesh is used for

the preparation of the dataset for training and validating the machine learning model.

 Chapter 5 presents the summary, conclusion of this work and makes suggestions for the

further research.
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CHAPTER 2: METHODS

2.1 Introduction

2.1.1 MVE Microstructure

The aim of our study is to mine the localization relationship for elastic deformation in MREs,

thus input microstructure is required. As very large amount of randomized data is needed in the

study, instead of experimental dataset, microscale volume elements (MVEs) [11] were digitally

generated and used as the input microstructure for the extraction of property-structure linkage.

Using some previous work as reference [30] [58]-[59], the number of voxels in our studies is

selected to be 21 x 21 x 21=9261. Two phases (0: polymer, 1: ferromagnetic particles) are

randomly assigned to each of the particles in the MVE. An MVE is shown in Figure 2-1, where

the black phase is ferromagnetic particle and the white phase is the polymer.

Figure 2-1. An example of microscale volume element (MVE). (This image is from [11] )
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Because normally the particle volume fractions of MREs that was fabricated so far in other

researches are under 30%, a total of 5 MVEs with varying volume fraction evenly distributed

from 6% to 30% are used in this study. Thus, there are totally 9261 x 5= 46305 elements being

studied in each cases. Both of two phases are considered as elastic materials. The contrast ratio,

defined as the ratio of the Young’s modulus of the two phases, ranges from 10:1 to 20000: 1 in

this research. The real contrast ratio of iron particle and elastomer is approximately 20000:1.

However, due to some reasons which will be illustrated in Chapter 3, the contrast ratio in this

thesis is finally set to 100:1 and 10:1. Additionally, to simplify the cases, the Poisson’s ratios of

both phases are set to 0.3. The detail assignment of the Young’s modulus and Poisson’s ratio is

presented in Table 1.

Table 1. Young’s Moduli and Poisson’s Ratios of the two phases at different contrast ratios in

this thesis

Contrast

Ratio

Iron Particle Polymer

E (GPa) ᶹ E (GPa) ᶹ

20000:1 200 0.3 1E-2 0.3

100:1 200 0.3 2 0.3

10:1 200 0.3 20 0.3
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2.1.2 Loading Conditions

After the preparation of the microstructure sample, next step would be generating a dataset

that could reflect the “ground truth”. The ideal ground truth should come from experiments,

however, the experimental approaches for measuring three-dimensional strain field hasn’t

been well developed yet [60]- [62]. Other than this, to maintain the randomness of the dataset,

all the MVEs are digitally randomly generated, which increases the difficulty of obtaining

experimental dataset. Thus, in previous researches [30][58][59], all the strain field data is

created by numerical physics-based models, such as finite element (FE) models. In this thesis,

the MVEs are converted into FE models and each voxel is converted into a 8-node 3D element,

as shown in Figure 2-2. Macroscopic loads are applied to the FE model and the model is

computed in a finite element software, ANSYS [63]. Thus, all the strain data that is used for

training and validating in this thesis comes from FE simulation and is considered as “ground

truth”.

(a) (b)

Figure 2-2. FE models converted from MVEs (a) All the 9261 elements (b) All the iron phase elements when
volume fraction is 6%. Each particle consists of 1 element
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The loads that are applied the FE model are shown in Figure 2-3. The first load applied to each

MVE is a macroscopic strain in x direction. A displacement (20% of the element size) is applied

to one face perpendicular to x direction, while the opposite face is fixed in x direction. Periodic

boundary conditions are set on all the six faces of all directions:

01
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1
3

1
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1
3
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33
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Figure 2-3. Loading condition of the MVE
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In addition, a uniform magnetic field is applied in x direction. The relative magnetic

permeability of the ferromagnetic phase is set to be 100. Different magnetic scalar potentials

are set on Face 1+ and Face 1-, then the magnetic field distribution in the MVE is calculated.

Maxwell forces are then obtained by using surface integral method:

  ds
n
n
n

TTT
TTT
TTT

F
s

mx
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Applied with all this loads, the corresponding strain of interest xx is get from FE analysis and

used to prepare data instances for the training and validating process.

2.1.3 Procedure of data-driven predictive modeling

Figure 2-4 presents the procedure of preparing features and constructing a predictive model.

The procedure could be roughly separated into three steps: feature construction, feature

extraction/selection and regression. In the first two steps, features that are most relevant for

the predictive model are constructed and selected from the raw data (the position of each

elements in the local coordinate system and the phase of the element). Then in the third step,



15

regression model is constructed from the features and evaluated based on mean absolute

errors.

Figure 2-4. Procedure of the data-driven predictive modeling. This image is reproduced from [11].

2.2 Features

Each of the instance in our dataset comes form one voxel in the MVEs. As presented in Green’s

functions [64]-[69], in composite materials, the response of each local area strongly depends on

its interaction with neighboring environment. After terming the voxel that is being studied the

“focal voxel” [11], the features of this voxel will be constructed based on the surrounding voxels

in its local environment. Each voxel will be the focal voxel once, thus 9261 data samples could

be obtained from one MVE.
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Figure 2-5. Neighbor positions at 1-3 levels. This image is reproduced from [11].

Following the definition in some previous works [30]-[33], one concept that is needed to be

illustrated before constructing the features is the level of neighbors. The Green’s functions

which is mentioned in the previous paragraph illustrated that only short-range interactions

between the focal voxel and the surroundings is effective, thus only the voxels which are

relatively closer to the focal voxel should be taken into consideration while constructing the

features. The level of neighbors is a concept that describes how far a neighboring voxel is from

the focal voxel based on their scalar distance from the focal voxel [11]. As shown in Figure 2-5,

the block in blue is the focal voxel, while the level 1-3 neighbors are in transparency. Here, if

the neighbor level is defined as l, the voxels at level l are those at a distance of l from the

focal voxel. In a MVE of 21 x 21 x21, l could be up to 300. However, taking conclusions from

previous studies [11], only 1 to 12 levels of neighbor is taken into consideration in this thesis.
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Figure 2-6. Index variables of the voxels at level 2.

Another important symbolic definition is the variable t, which means the index of a certain

voxel at neighbor l and T, which means the number of voxels at neighbor level l. For example, as

there are T2=10 voxels at neighbor level 2 of a focal voxel, then the index variables that are

assigned to the voxels would be t=1, 2, 3,...,10, as shown in Figure 2-6. In other words, each

index combined with its neighbor level represents a fixed relative location around the focal

voxel and all the features are defined based on them. For example, all voxel at neighbor level 1

could be indexed as (1,1), (1,2), (1,3), (1,4), (1,5) and (1,6).

As the phase of each voxel in the MVE is considered as binary in this thesis, if we define

microstructure variable t
lm as the volume fraction of the ferromagnetic phase in the voxel with

index t at level l , the value of t
lm will be either 0 or 1. For example, if the voxel with index 1 at

neighbor level 2 of the focal voxel is the ferromagnetic phase, then 11
2 m . As we only consider
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up to 12 neighbor levels around the focal voxel, there are 1+6+12+8...=179 microstructure

values ( t
lm ) . To provide better representation of the microstructure, other features are also

constructed such as aggregated neighborhood features or symmetry features [11]. All the other

constructed features are presented in Table 2.

Table 2. Description of features constructed for the training and validation [11].

Feature Description Count

t
lm Volume fraction of ferromagnetic phase in neighbor voxel

with index t at level l. l=0,2...12

180

h
lpr Fraction of voxels with phase h at neighbor level l. l=1,...12 24

h
lPr Fraction of voxels with phase h up to neighbor level l. l=1,...12 24

hI The normalized impact of all 12 neighbor levels of phase h.

h=0, 1

2

3S 3- Plane symmetry index 1

9S 9- Plane symmetry index 1

Some of the concepts in Tale 2 are explained as follows:

Prhl is an aggregated neighborhood feature which means the aggregated volume fraction from

level 0 to level l [11]:
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Ih is aggregated “impact” of all the 12 neighbor levels to the focal voxel. As closer voxels has

higher impact on the focal voxel, all the values of impact are divided by l [11]:
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S3 and S9 are used to describe the symmetry at all the 12 neighbor levels around the focal voxel.

Defined as the similarity between the two groups of neighboring voxels separated by a plane

passing through the focal voxel, the symmetry descriptor is assessed by computing the

distance-normalized sum of a voxel-to-voxel exclusive nor (giving 1 when two voxels are the

same) of the two half divided by the plane. If we symbolized the exclusive nor as Nl, the

symmetry descriptor S could be expressed as [11]:
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As presented in Figure 2-7, S3 is the sum of symmetry value S dividing by three planes passing

through the focal voxel ((001), (010), (100)), and S9 considers 6 additional diagonal dividing

planes ((110), (101), (011), (-110), (-101), (0-11)).
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Figure 2-7. Dividing planes for the symmetry value S3 (a) and S9 (a) (b) (c) (d). This image is reproduced from

[11].

2.3 M5 Model Tree

2.3.1 An overview of decision trees

Decision trees are supervised learning methods for classification and regression. By using

decision trees, tree-shaped models could be created to predict values of target variables by

learning decision rules from the data features. The tree structure contains a root node, some

interior nodes where datasets are divided into subsets and some leaves at the end of the

branches. Firstly, the dataset in the root node is splitted into separated partitions and a specific

learner is fitted to the each partition. Then the splitting process will be repeated until the
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stopping criteria is fulfilled. Usually the tree should stop growing when the variation or the

number of the instances in the node is less than a pre-determined value [85].

2.3.1.1 Classification trees

There are mainly two kinds of decision trees: classification trees and regression trees.

Classification trees are designed for predicting a finite number of discrete responses. The

concept of classification tree was firstly published in 1977, by bringing forward a algorithm

called THAID [70]. THAID employs a impurity measure based on observed distribution of target

variable Y, chooses a split that minimizes the sum of impurity at the children nodes by searching

all over the feature space X, and stops splitting when the relative decrease in impurity is lower

than a pre-determined threshold. Here, impurity function is a very important concept, who

measures the extent of purity for a region containing data points from different classes.

C4.5 [71] and CART [72] are two of the most widely used classification trees which were

brought out after THAID. Entropy is used as impurity function in C4.5 tree while in CART

classification tree, the impurity function is Gini index. Both these two method employed the

same approach to build the decision trees followed by a pruning process to reduce the

misclassification error. Pruning is a process to simplify the decision tree by discarding the

unnecessary learners and remove the unnecessary sections of the trees . This process could

make the model more comprehensible and more accurate for testing data [85]. Frequently

used pruning approaches are pessimistic error pruning [73], minimum-error pruning [74], cost-

complexity pruning [72] and error-based pruning [75]. In this thesis, error-based pruning is used

as a step in MP5 model tree algorithm.
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2.3.1.2 Regression trees

Regression trees are very similar to classification trees while regression models are fitted to

each node instead of discrete target variable Y itself. The first published regression tree

algorithm is AID [76], which uses the similar regression method as THAID while the impurity

function is the standard deviation of Y variable. Most regression trees use the same approach

for splitting the nodes, however, the methods to prune the trees are very different because of

the difference in the target function to be optimized. The two most usually used methods are

cost- complexity pruning and error-based pruning.

2.3.1.3 CART regression trees

In CART regression tree algorithm [72], Gini index is firstly used as the impurity function to split

nodes. Gini index could be expressed as [85]:

)1()(
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where pj is the estimated posterior probability of class j. Thus, while building a CART regression

tree, nodes will split to minimize Gini indexes and keep splitting until the number of the data in

each leaf node is not more than a certain threshold. This process is followed by a cost-

complexity pruning process. The cost-complexity criterion is expressed as [85]:

leafTTRTR   )()(
2-7
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where α is the complexity parameter, and lTleaf I is the number of leaves of tree T. The cost

function R(T) is the mean square error between observed target variable and its estimated

value.

2.3.2 Introduction of M5 model tree

M5 model tree is a decision tree learner for regression task implemented by Wang and Witten

[77] based on Quinlan’s M5 scheme [78]. Similar to CART trees, M5 model tree employs mean

square error as impurity function. However, instead of assigning constants to the leaf nodes,

linear regression models are fitted into the target variables in each leaf node. Compared with

other regression trees, M5 model tree is more efficient and could handle tasks with more

attributes [79]. Also, M5 model trees are much smaller and more accurate than CART trees [79].

2.3.2.1 Construction of M5 model tree

The measurement of information gain of M5 model tree is based on the reduction of standard

deviation before and after the splitting of the nodes. If T denotes the set to be split, Ti denotes

the subset of cases corresponding to the ith outcome of a test, and sd(Ti) of the values in Ti is

treated as a measurement of error, then the expected reduction of error could be expressed as

[85]:
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The splitting rule is to maximize this expected error reduction. The splitting process keeps going

on until the subsets contain very few cases or very little variance exhibits between the values in
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the subsets. However, this process often produces overfitting, which means the structure of the

tree is over-elaborate, thus a pruning process is required.

2.3.2.2 Pruning M5 model tree

A error-based method is used to prune the M5 model tree. By comparing the error of the node

and the error of the subsets, the tree is pruned from leaves to root. In this process, the key

point is to estimate the error of the unseen cases. This is realized by averaging the absolute

difference between the response values of observations and predictions [85]. Then The error is

multiplied by (n+v)/(n-v), where n is the number of training cases and v is the number of

parameters in the model [79], because the error is usually underestimated. Also, the estimated

error of the subset is the sum of the estimated errors of each subset multiplied by the portion

of the values in that subset.

Figure 2-8. Example of a model tree constructed.
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Each node of the tree is fitted with a linear regression model. Instead of using all the features to

construct the linear model, M5 model trees only choose features that are referenced by the

tests or linear models in the subtrees below it.

2.3.2.3 Smoothing

A smoothing process could improve the accuracy of the model trees. In this process, the

predictive value at a leaf of the tree is adjusted to reflect the path from the root to the leaf. If

the predictive value is PV(Si), where Si is the branch that the case follows, the adjusted value

could be expressed as [85]:
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where S is the subtree, ni is the number of training cases at Si and M(S) is the value given by the

model at S.

Figure 2-8 is an example of a M5 model tree constructed in this thesis. Six features ate used to

construct the model. All the model trees in this work is constructed by using as data mining

software called WEKA, which is a open source machine learning software provided by

University of Waikato, New Zealand.
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CHAPTER 3: CIRCUMSTANCES WITHOUT MAGNETIC FIELD

While not applied with magnetic field, MREs exhibits similar properties with normal composite

materials. In this chapter, data experiments are conducted to explore the performance of M5

model tree to predict localization of MREs without magnetic field.

To evaluate the performance of the models, two parameters, Pearson’s correlation and mean

absolute error (MAE), are used. The Pearson’s correlation could be expressed as[11]:
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where X is the feature, Y is the target variable, k is the variable length, σ is the standard

deviation and μ is the mean. The other parameter, mean absolute error, is expressed as [11]:
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where pimposed is the average strain imposed on the MVE, S is the total number of voxels in a

MVE, ps denotes the value of the strain in voxel s from FEA and denotes the strain

value from the machine learning model.

3.1 Effect of the number of features used for training

As described in last chapter, 231 features are constructed to represent the microstructure of

the MVEs. The performance of the trained model depends on which combination of features is
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used to construct the model. Thus, in this exercise, the effect of the number of features

involved is studied.

3.1.1 Circumstance when contrast ratio is 20000:1

Defined as the ratio of the Young’s moduli of the two phases, contrast ratio of the MVEs is a

possible factor that may influence the model performance . The ratio of the Young’s moduli of

iron and polymer is approximately 20000:1, thus in this section the contrast ratio is firstly set to

20000:1. The features are ranked based on its Pearson’s correlation with the strain value ps

from FEA. The top 123 features are shown in Table 3.

Table 3. Rank of features based on its correlation with strain pswhen contrast ratio is 20000:1.

(Here we simplify mlt to ml_t, prlh to prl_h,Prlh to Prl_h.)

Rank Feature Rank Feature Rank Feature Rank Feature Rank Feature

1 m0_1 26 pr2_1 51 m5_4 76 m6_7 101 m2_8

2 pr1_1 27 pr2_2 52 m5_6 77 Pr8_1 102 m12_8

3 pr1_2 28 pr11_1 53 m11_2 78 Pr8_2 103 m11_23

4 Pr1_1 29 pr11_2 54 m5_7 79 m6_5 104 m2_7

5 Pr1_2 30 pr4_1 55 m11_4 80 pr3_1 105 m5_16

6 m1_5 31 pr4_2 56 m10_1 81 pr3_2 106 m3_5

7 m1_6 32 pr10_1 57 m11_5 82 m5_13 107 m9_16

8 m1_3 33 pr10_2 58 m11_8 83 pr5_1 108 m12_6

9 m1_2 34 m9_4 59 m11_3 84 pr5_2 109 m3_4

10 S9 35 m10_6 60 m11_7 85 m5_18 110 pr6_1
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11 S3 36 m10_8 61 m6_6 86 m5_15 111 pr6_2

12 Pr2_1 37 m5_3 62 m6_3 87 m6_17 112 m9_25

13 Pr2_2 38 m9_1 63 pr12_1 88 m6_24 113 m6_20

14 Pr3_1 39 m5_8 64 pr12_2 89 I2 114 m6_21

15 Pr3_2 40 m10_7 65 m6_2 90 I1 115 m11_22

16 m2_3 41 m5_2 66 m6_1 91 m9_6 116 m8_5

17 m2_6 42 m5_1 67 pr9_1 92 m11_10 117 m11_19

18 m1_1 43 m10_5 68 pr9_2 93 m10_20 118 Pr12_1

19 m1_4 44 m5_5 69 Pr6_1 94 m9_8 119 Pr12_2

20 m2_12 45 m10_2 70 Pr6_2 95 m12_5 120 m9_12

21 Pr4_1 46 Pr5_1 71 m11_1 96 m9_3 121 m10_10

22 Pr4_2 47 Pr5_2 72 m6_8 97 m12_2 122 m10_12

23 m2_9 48 m10_4 73 m5_17 98 m11_12 123 m5_14

24 m4_1 49 m11_6 74 m6_4 99 m11_15

25 m4_4 50 m10_3 75 m5_19 100 m9_20

Four variations of numbers of features, 27, 57, 81, 123 are designed. To allow comparisons

between the feature combinations, models based on these four variations of features are

trained and validated by preforming a ten-fold cross validation. Figure 3-1 shows the influence

of volume fraction and number of features on the correlation coefficient and MAE. Individual

correlation coefficient and MAE for each MVE are shown separated by the five volume fractions.

The model accuracy appears highest at the lowest volume fraction for all the four feature
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combinations and drops as the volume fraction increases. The slope of the plot becomes

smaller as the volume fraction increases and the error will approximately reach its peak in the

volume fraction around 50% (not studied in this thesis), as in this case the the elastic strain field

is the most heterogeneous. Also, Figure 3-1 indicates that the performance of the model

increases as the number of features and reaches its peak at 81. Thus the top 81 feature in Table

3 are used to construct the models in section 3.2.

(a) (b)

Figure 3-1. (a) Correlation coefficient and (b) mean absolute error of the models built with 5 combination of

features as a function of volume fraction when contrast ratio is 20000:1

Figure 3-2 directly presents the comparison of the model results and FEA results. Each figure is

the strain field distribution on the center slice of the MVE. It could be noted that the top 81

features performs the best in predicting the strain field, as the figures from machine learning

model constructed with 81 features exhibit the most similarity with FEA results. Also, the
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similarity between the two results decrease as the volume fraction increase, which is

correspond with Figure 3-1.

Figure 3-2 . Comparison of strain field predictions from models constructed with 27, 57, and 81 features and FEA

results.

3.1.2 Circumstance when contrast ratio is 10:1

As illustrated in some previous work [30] [74], contrast ratio of the two phases may have

tremendous influence on the accuracy of model for the prediction of localization. In this

section, in addition to real condition, the optimal number of features for the model with

contrast ratio of 10: 1 is also explored. Top 123 features ranked by correlation with response

are shown in Table 4, which is slightly different from the rank when contrast ratio is 20000:1.
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Table 4. Rank of features based on its correlation with strain pswhen contrast ratio is 10:1. (Here

we simplify mlt to ml_t, prlh to prl_h,Prlh to Prl_h.)

Rank Feature Rank Feature Rank Feature Rank Feature Rank Feature

1 v 26 m2_6 51 Pr6_2 76 m11_14 101 m5_23

2 pr1_1 27 m5_13 52 pr10_1 77 m5_24 102 m6_8

3 pr1_2 28 m2_3 53 pr10_2 78 m4_4 103 m12_6

4 Pr1_1 29 m2_1 54 pr2_1 79 m4_1 104 m11_12

5 Pr1_2 30 m9_2 55 pr2_2 80 m10_11 105 m12_3

6 m1_3 31 m5_15 56 Pr8_1 81 m6_19 106 pr9_1

7 m1_6 32 m2_4 57 Pr8_2 82 m6_6 107 pr9_2

8 m1_1 33 m5_9 58 m5_4 83 m6_16 108 m5_21

9 m1_4 34 m2_12 59 S3 84 m6_12 109 m11_13

10 m1_5 35 m2_9 60 m5_3 85 m6_2 110 m11_9

11 Pr2_1 36 m2_7 61 m10_14 86 pr5_1 111 m9_6

12 Pr2_2 37 m4_2 62 Pr9_1 87 pr5_2 112 m6_11

13 m1_2 38 I1 63 Pr9_2 88 m6_3 113 m6_4

14 m2_11 39 I2 64 m5_1 89 m10_9 114 m6_1

15 m2_5 40 Pr5_1 65 m10_16 90 m11_10 115 m6_5

16 m2_8 41 Pr5_2 66 S9 91 m10_23 116 m6_15

17 m2_2 42 m5_12 67 m10_15 92 m6_13 117 m6_10

18 Pr3_1 43 m5_10 68 pr11_1 93 Pr10_1 118 m6_7

19 Pr3_2 44 m2_10 69 pr11_2 94 Pr10_2 119 m10_18

20 m4_5 45 m5_11 70 m6_9 95 m11_16 120 m9_28

21 m4_6 46 m9_5 71 m10_12 96 m11_15 121 pr8_1

22 Pr4_1 47 m5_14 72 m5_22 97 m6_22 122 pr8_2

23 Pr4_2 48 m5_16 73 m10_10 98 m9_25 123 m11_23

24 pr4_1 49 m5_2 74 m10_13 99 m6_14

25 pr4_2 50 Pr6_1 75 m11_11 100 m9_3
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The performance of the models constructed with the four variations of features are denoted in

Figure 3-3. The plots show similar trends with that in last section, and the optimal number of

features also appears at 81. However, the models exhibits much better accuracy than models

with contrast ratio of 20000:1, which illustrates that the model performance may decrease as

the contrast ratio increases. This will be further studied in section 3.2.

(a) (b)

Figure 3-3 . (a) Correlation coefficient and (b) mean absolute error of the models built with 5 combination of

features as a function of volume fraction when contrast ratio is 10:1

3.2 Effect of the contrast ratio

To further explore the effect of contrast ratio on the model accuracy, MVEs with four variations

of contrast ratios (10:1, 100:1, 1000:1, 20000:1) are constructed and studied. Results of this

data experiment is presented in Figure 3-4. Both correlation coefficient and mean absolute

error denote that the model performance decrease as the contrast ratio increase. The

correlation coefficient of the model with contrast ratio of 10:1 is maintained over 90% at all the
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volume fractions. Meanwhile, the error is maintained less than 15%, which is acceptable for the

next step of study.

(a) (b)

Figure 3-4 . (a) Correlation coefficient and (b) mean absolute error of the models when contrast ratio is 10:1,

100:1, 1000:1 and 20000:1.

Figure 3-5. Parity plots of models from MVEs with contrast ratio of (a) 10:1 and (b) 20000:1
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The parity plots of models constructed from MVEs with contrast ratio of 10:1 and 20000:1 are

respectively presented in Figure 3-5. The plots shows the agreement between the predictions

of the learning model and the FEA results for the two contrast ratios. As can be seen, the parity

plot with contrast ratio of 10:1 exhibits higher accuracy and lower variance, while model with

contrast ratio of 20000:1 performs better in low strain and produces significantly higher errors

in higher strain values. In some circumstances, harder polymers are used to fabricate MREs, of

which the contrast ratio may be closed to 10:1. Thus, in the next chapter, contrast ratio of the

MRE is set to be 10:1 for the further study.

3.3 An attempt to improve the model by adding higher order features

The features in this thesis are extracted based on sophisticated physics-inspired approaches [81]

[82] [83]. However, only two point correlations are used and the higher-order correlations are

ignored, and that’s why the model performs worse when the contrast ratio is more than 10:1.

Here, in this section, an attempt is made to involve higher order terms in the features while

constructing the model.

Some previous approaches [30] [31] to establish the localization relationships have been

developed based on the statistical continuum theories formulated by Kroner [60]. In these

works, a discrete representation of the microstructure is employed. If the number of the voxels

in a MVE is S, and the number of the local states in each voxels is H, then variable ms
l defines

the volume fraction of local state h in the spacial cell s, where h=1,2...H and s=0,1,2...S. In our

case, as our microstructure has two phases, H=2. Using a set of kernels and their convolution



35

with higher order descriptions of local microstructure [31], the localization relationship could

be expressed as:
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where {t1,t2...tN} is the set of spatial correlation vectors. In this vector set, t1 is used to represent

a neighbor of interest and t2...tN are defined to quantify the neighborhood in a concurrent

manner, as shown in Figure 3-6.

Figure 3-6 . Interpretation of higher-order terms in the localization relationship. t2...tN are used to quantify the

neighborhood of s+t1
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In this attempt, second order-first neighbor features at up to 5 neighbor levels are extracted

and used to construct the model. Thus the total number of second-order features is (6+

12+8+6+24)x6=336. Three combinations of features are used here to construct the prediction

models and results are shown in Figure3-7. The details of each combination is presented in

Table 5. It could be seen in the figures that the model accuracy slightly goes up when all the 336

2nd order features are involved to construct the model, but the variance is negligible compared

with the difference between the contrast ratios. Adding more higher order features may help to

represent the higher order terms in Equation 3-4, but will have bad influence on the efficiency

of the machine learning model. Thus, involving higher term is not applicable here to improve

the model accuracy.

Table 5. Three combinations of features used in the attempt to improve the accuracy of model

with high contrast ratio

Combination Comment

57 Top 57 first-order features ranked by their

relevance with response

57+2nd order Top 57 first-order features and all 336 second

order features

all_top 200 Top 200 of the combination of all first and second

order features
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(a) (b)

Figure 3-7 . (a) Correlation coefficient and (b) mean absolute error of the models when contrast ratio is 10:1,

100:1, 1000:1 and 20000:1 with three combinations of features
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CHAPTER 4: CIRCUMSTANCES UNDER MAGNETIC FIELD

4.1 Circumstance when the MREs are under magnetic field

In this chapter, besides a macroscopic strain, a 0.2T magnetic field in +x direction is applied to

the MVE. Magnetic attractions occurs between the particles, resulting in the change of strain

field. Here, M5 model trees algorithm is still employed to mine the linkage, while the only

difference is that the training dataset is from a FEA simulation coupling magnetic and structural

analysis.

(a) (b)

Figure 4-1 . (a) Correlation coefficient and (b) mean absolute error of the models before and after a 0.2T

magnetic field is applied

Figure 4-1 presents the accuracy of the models before and after magnetic field is applied to the

MVEs. Both two plots illustrate that the performance of the model is maintained at a

acceptable level when MVE is under 0.2T magnetic field. However, the error of the model

doesn’t follow the regular pattern in which the MAE keeps increasing and tends to reach its
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peak at 50%. Further data experiments are conducted in the next section to try out the

hypothesis that the irregular pattern occurs due to the insufficient sample size.

(a) (b)

Figure 4-2. Comparison between predictions and FEA results when MREs are under magnetic field.

(a) parity plot (b) strain field comparison

The comparison between the predictive and FEA results are denoted in Figure 4-2 where both

parity plot and the strain field exhibits comparable model accuracy with the results without

magnetic field (Figure 3-5.)

4.2 Circumstance when the mesh is finer

In former sections, each iron particle in the MVEs is converted into one element in the FEA

simulation. However, in most cases in reality, when FEA is used to solve problems in composite
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materials, dispersed particles should also be meshed into several elements. Thus, in this section

the size of iron particles is set to 3x3x3=27 elements instead of 1 element, as shown in Figure 4-

3(b). Also, the size of the MVE is increased to 42x42x42=74088 in order to eliminate the

fluctuation of mean absolute errors when volume fraction is more than 12%.

(a) (b)

Figure 4-3 . MVE with finer mesh (a) All the 74088 elements (b) All the iron phase elements when volume
fraction is 6%. Each particle consists of 27 elements

The results presented in Figure 4-4 and Figure 4-5 indicate that the performance of the model

when magnetic field is applied is close to the performance when there's no magnetic field. Also,

both parity plot and strain field comparison show that the model performs better in low strain

values and produces higher errors in higher strain values, which agrees with Figure 4-4.
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(a) (b)

Figure 4-4 . (a) Correlation coefficient and (b) mean absolute error of the models from finer meshed MVEs before
and after a 0.2T magnetic field is applied

(a) (b)

Figure 4-5 . Comparison between predictions and FEA results when MREs are under magnetic field and finer
meshed. (a) parity plot (b) strain field comparison
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CHAPTER 5: SUMMARY, CONCLUSIONS AND FUTURE WORK

5.1 Summary and conclusions

The performance of M5 model tree algorithm to predict the localization of MREs in two

magnetic loading conditions (0T and 0.2T) is investigated and evaluated. Several data

experiments are conducted to explore the effect of number of features and contrast ratios on

the model accuracy. An attempt is made to improve the performance of the model by adding

higher-order features.

When the MREs are not applied with magnetic field, it has been demonstrated that:

 The model accuracy decrease as the volume fraction increase. The error of the model

tend to reach its peak when the composite is most heterogeneous.

 High contrast ratio has negative effect on the model accuracy. The performance of the

model is acceptable when contrast ratio is 10:1

 For both contrast ratios studied (10:1 and 20000:1), 81 is the optimal number of

features for the construction of the M5 model tree

 Improving the model accuracy by adding higher order features is not applicable in this

case.

When the MREs are applied with a 0.2T magnetic field:

 The model performance is comparable with the case when no magnetic field is applied.
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 Refining the mesh of the MVEs could result in more reasonable accuracy of the model.

5.2 Future work

Although this work proves the potential of utilizing machine learning model to predict the

properties of MREs, there is still a long way to go to make this process more applicable in

predicting properties of real samples. Further research and experiments based on the work

done in this thesis could be:

 Exploring model accuracy when more magnetic loading conditions are applied.

 Varying the arrangement of the iron particles to make it anisotropic, and exploring its

effect on the model performance.

 Exploring the capability of the model to predict homogenization properties (such as

macroscopic elastic stiffness) rather than localization properties.

 Combining the data-driven method with 3D images (nano-CT images) and predicting the

properties of real MRE samples.
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