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Abstract

The aim of this work was to develop a method for optimizing both design parameters
and mechanical properties of polymer based nanocomposites using numerical multi-
objective optimization (MOOQO) methods. The main objective was to simultaneously
maximize the elastic modulus and the tensile strength of nanocomposites. The ra-
tionale behind focusing on these particular properties is that they play a significant
role in designing of materials for structural applications. Ji and Zare models of de-
termining the elastic modulus and tensile strengths of polymeric nanocomposite ma-
terials were respectively used for the formation of the objective functions for numerical
optimization. The design variables (i.e major factors affecting the given mechanical
properties) were identified as the diameter of nanofillers, thickness of the interphase
region, nanofillers loading as weight fraction, elastic modulus of the interphase, interfa-
cial shear stress and the orientation factor of the nanofillers. The Fast Non-dominated
Sorting Genetic Algorithm (NSGA-II) approach in MATLAB was used to maximize
the objective functions by obtaining the optimum solutions of the given design vari-
ables. The optimization model was able to successfully find optimum solutions of the
design variables. Furthermore, the overall optimization results were found to be in
good agreement with the available experimental results from literature. The proposed
optimization model was found to be significantly accurate in finding the optimum val-
ues of the design variables for improving the mechanical properties of nanocomposites.
The optimum values of the design variables were determined to be 2.12 — 2.96 nm for
the thickness of the interphase, 5.41 — 7.01 nm for the diameter of the nanofillers, 2.95
— 4.69 wt.% for the nanofillers loading, and 1 for the nanofillers orientation factor. In
addition, the results further showed that nano-reinforcements such as multi-wall car-
bon nanotubes (MWCNTS) yields high elastic modulus of the interphase and interfacial

shear stress.
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Chapter1 Introduction

1.1 Background and Motivation

In recent decades, composite materials, particularly polymer based composites have
seen an increased demand in numerous engineering applications such as maintenance
and replacement of components, wing to fuselage fairings, flame retardant panels, car
engine covers, tires and bumpers, radiation resistance, electrical insulation materials

and etec. [1, 2, 3, 4]. Figure 1.1 shows some of the applications of composite materials.

Automobile

Aviation

Aerospace

Nanocomposite y
materials
applications
Nuclear and chemical Ship andvsu_bmarines
facilities building

Figure 1.1: Applications of composite materials



A composite material is basically synthesized of two or more materials, known as a
matrix and a reinforcement. The most popular matrix materials are polymers such as
thermoplastics and thermosets. Fiberglass, carbon fibre, aramid, silica and aluminum
on the other hand are mostly used as reinforcements in composite materials design.
The most attractive attribute of composites is that they can be tailored to a specific
application. This has resulted in the demand and growth for these materials and further

prompted researchers globally to learn how to design them for different applications.

More recently, the field of composite materials sciences and design has witnessed the
emergence of nanomaterials (or nanocomposite materials) and these materials have
since attracted much attention due to their significant improvement in the physical,
mechanical and thermal properties [5]. Nanocomposites are materials made of a com-
bination of a matrix and some form of reinforcements or fillers in nanoscale (i.e. less
than 100 nm). The development of these materials has been on the rise for several
years. Their implementation however, continues to be limited by lack of understanding
of the basic physical relationships that exist between the material structural parameters

at a nanoscale and the material properties at a macroscale.

Major applications of nanocomposites in many engineering applications requires struc-
tures with a high strength-to-weight ratio, high stiffness, fatigue durability (i.e. the
ability to withstand wear or damage), corrosion resistance, etc. These enable nano-
composites to replace most conventional or traditional composite materials. Research
has shown that the physical, mechanical and thermal properties of nanocomposite ma-

terials are mainly influenced by the following parameters |6, 7, 8, 9, 10]:

(i) Size (diameter) and loading of nanofillers (i.e. the content of nanofillers within

the polymer matrix).

(ii) Interphase (i.e. region where the surface of the nanofillers interact with the
polymer matrix) and the strength of the bond between the nanofillers and the

polymer matrix.
(iii) Alignment of nanofillers.

(iv) Dispersion of nanofillers within the polymer matrix.



Figure 1.2 shows a schematic of major factors affecting properties of nanocomposites.
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Figure 1.2: Schematic of major factors affecting properties of nanocomposites

It has been widely reported that increasing nanoparticle loading enhances mechanical
properties of polymer nanocomposites. However, it has also been frequently observed
that loading beyond certain percentages can be detrimental to the properties due to
the emergence of significant nanofillers agglomerations [10, 11]. Numerous reviews have
also cited nanofiller dispersion as a major challenge in the advancement of polymer

nanocomposite technology [12, 13].

Furthermore, it is globally conceived that optimal nanocomposite materials’ proper-
ties will be reached if nanofillers are dispersed uniformly within the polymer matrix
[14]. Significant improvements on mechanical properties of nanocomposites have been
achieved through proper alignment of nanofillers in a polymer matrix. For example, the
fully aligned nanofillers produce more desirable properties such as high elastic modulus,
tensile strength, fracture toughness compared to the randomly oriented nanofillers. It
is worth noting however that, controlling of the nanofillers’ orientations and proper
alignment of nanofillers remains one of the major challenges within nanocomposite
manufacturing [15, 16, 17, 18, 7|.



Interfacial adhesion refers to the bond between the polymer matrix and the nanofillers.
The interfacial region or the interphase is the area of interaction between the nanofillers
and the matrix. This region has distinct properties from the different constituents of
the nanocomposite material and therefore it is highly critical to the performance of
the entire material. The strength of adhesion at the interface determines the efficiency
of load transfer between the nanofillers and the polymer matrix, and ultimately the
mechanical properties of the material. This means that any insufficient adhesion at

the interphase will cause degradation of the materials’ properties [19].

Therefore, effective design of nanocomposite materials is dependent on accurate pre-
diction and characterization of optimum parameters affecting their properties. Over
the years, numerical optimization techniques have been used for solving many com-
plex real engineering problems and to this day, optimization process remains critical to
the design process. Design problems associated with nanocomposites are known to be
multi-objective optimization problems. This is due to the fact that nanocomposites are
usually designed to meet more than one objective, i.e. minimizing of weight and cost of
manufacturing whilst maximizing mechanical properties such as strength, durability,

resistance, etc.

Numerical optimization methods have been used for design of traditional or composite
materials [21, 22|. However those design problems were mostly focused on obtaining
optimum design parameters such as volume fractions, fiber orientations, plies’ stacking
sequence, fabrication procedure and etc. to optimize composite materials (i.e. minimize
cost, minimize weight or maximize strength) . In addition, it should be noted that the
traditional optimization of composite material design only focused at micro and macro

scales. Figure 1.3 shows the different scales that exist in composite materials design.

Research also indicates that the use of numerical optimization techniques on composites
was only used for fiber reinforced based composites [20, 21, 23|. Hence, the development
of composite materials and the discovery of nanoscopic materials (polymer-based nano-
composites in particular) justifies the need to use the optimization techniques during
the preliminary design phase. Again, as mentioned before, the development of polymer
based nanocomposite materials and or the understanding of the most important design

parameters of nanocomposite materials is still under-researched.
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Figure 1.3: Different length scales in composite materials design

Thus, until now, very limited research has been carried out to numerically optimize
mechanical properties of nanocomposites based on parameters such as dispersion, align-
ment, weight fraction or nanofiller loading and interfacial adhesion which are said to be
the ‘major factors’ influencing the mechanical properties of nanocomposite material.
Hence the current work focuses on using numerical optimization techniques to design
and optimize the mechanical properties of nanocomposite materials based on the given

parameters.

1.2 Research Problem

Even though there has been numerous research studies on optimum design and de-
velopment of nanocomposites materials, there still lacks comprehensive work on using
numerical optimization methods during the design processes. In fact, currently there
is no known work that focus on using numerical optimization techniques to optimize
the mechanical properties of nanocomposites [24, 25|. This can be attributed to the
fact that the development of nanocomposite materials is largely empirical (i.e. based
on observation and experience) and a higher degree of control of their properties is still
difficult to achieve [26].



Real engineering design problems often require many iterations to obtain optimum
parameters. As a result, the process of physical experimental optimization has proven
to be oftentimes lengthy to reach desired outcomes, especially if more than one conflict-
ing design objectives are to be met. Furthermore, in general, physical experimentation
is very expensive and time consuming due to the fact that the experiments are run
without a prior knowledge of the optimum results. The iterations therefore have to
be tested time and again before obtaining on the optimum values of the design para-
meters. Due to this, researchers and designers run the risk of depleting resources and

therefore incurring more costs.

Numerical experimentation on the other hand has the ability to predict the results
of experiments that had not yet been carried out. This makes it as one of the most
important approaches in the design process [27]. Hence, over the past several decades,
numerical experimentation and computational techniques have been playing an ever
increasing role in the design process of many engineering applications. The fact that
with this approach, the optimum results can be predicted before hand makes numerical

experimentation a way of saving time and costs during the design process.

It is worth noting however, that the simulations which are run during numerical exper-
imentation are imperfect models for the physical reality and can only be trusted so far
as they demonstrate agreement without any bias with physical experimental results.
This means that validation process is of significant importance as it is used to test the

correctness and completeness of the models.

The need for numerical optimization in nanocomposites design is therefore justified

through to the following:

e There is limited literature on the usage of numerical optimization methods to
design and improve nanocomposite materials properties based on dispersion, in-

terfacial adhesion, alignment and nanofiller loading

e Nanocomposite design process is very complex due to multiple design variables
(i.e. more than one variable is optimized) and therefore best or optima properties
can be obtained without laboratory’s experimental trial and error methods which

can be very tedious

e Numerical optimization techniques may save designers a lot of time and costs.



1.3 Purpose of Study

Based on the above discussions coupled with the increased interest in using nanocom-
posites for numerous structural applications, it would be highly beneficial to perform
numerical optimization during the design phase of the nanocomposite materials. This
is done so as to ensure that the designed materials are as effective as possible and
that the desired properties are optimized by knowing the optimum parameters and

conditions which can yield those properties.

Hence, the main objective of the current study is to use numerical multi-objective
optimization techniques to optimize the elastic modulus and tensile strength of polymer
nanocomposite materials by finding the optimum values of the design parameters. By
simultaneously considering the effects of the design parameters, the overall properties
of nanocomposites are expected to be improved. The reason for focusing on these
particular properties is due to the fact that they play a significant role in designing of
materials for many structural applications. In addition, significant findings regarding
the effects of the above mentioned design parameters on the mechanical properties
will be highlighted, analyzed and discussed. Furthermore, the obtained results and
findings will be validated through the use of experimental results from previous studies

on mechanical properties of composite materials with similar design parameters.

1.4 Objectives

The main objective of the current study is to use multi objective optimization (MOO)
techniques (Genetic Algorithm (GA) in particular) to optimize the nanocomposite
mechanical properties based on the respective design parameters (i.e. dispersion, nan-
ofiller loading, alignment and interphase) of those properties. The objectives of this

study are outlined as follows:

e Develop an approach for optimizing mechanical properties of polymer nanocom-

posites materials using GA techniques for solving MOO problems

e Obtain optimum design parameters for maximizing the elastic modulus and the

tensile strength of polymer nanocomposites



e Validate the method and the optimized results with experimental data from pre-

vious studies

1.5 Overview and Research Approach

Firstly, historical data describing the mechanical properties behavior of nanocompos-
ites are obtained from the literature. The collected data is then used to identify the
design parameters of nanocomposite materials which are further investigated and dis-
cussed. This is done to determine the most important aspects and characteristics of the
design parameters. In addition, the constraints (or limitations) of the design paramet-
ers with respect to the design of the nanocomposites are also outlined. This is followed
by the introduction of optimization methods, their applications to multi-objective op-
timization problems, the comparison and selection of the most suitable method for the

current study.

A nanocomposite design problem is then converted to a MOO problem based on the
given design parameters. Furthermore, theoretical mechanics models for determining
the mechanical properties of composite materials are used to establish the objective
functions to be optimized. Lastly, Non-dominated Sorting Genetic Algorithm (NSGA-
IT) is then used for solving the nanocomposite design MOO problem for maximizing
the mechanical properties. Finally, the characterization, validation and discussion of

the results together with conclusions and directions for future work will be presented.

1.6 Thesis Outline

This thesis is organized as follows:

e Chapter 1 gives the introduction of nanocomposite materials and the factors
(design parameters) that affects the mechanical properties of nanocomposites.
The chapter further provides the need for numerical optimization of the men-
tioned design parameters. In addition, the motivation and the rationale for the

current study together with the objectives are outlined.



e Chapter 2 gives an overview of published studies on factors that influence the
mechanical properties of nanocomposites. An introduction to numerical optim-
ization methods for solving MOO problems is also given and briefly discussed.
The chapter further discusses the types of numerical optimization methods, their
applications and advantages and disadvantages in their approach to solving prob-
lems. Lastly, the chapter discusses the modeling of mechanical properties of
nanocomposites (i.e. the analytical models and theories used for the prediction

of the mechanical properties of nanocomposite materials).

e Chapter 3 gives a procedure and methodology for analysis of MOO for design of

nanocomposite materials properties.

e Chapter 4 presents the results of the different design parameters and the mechan-
ical properties obtained from the suggested numerical optimization model. The
chapter further discusses and validate the obtained results. Additionally, the
chapter also discusses how the given design parameters influence the mechanical

properties.

e Finally, chapter 5 gives a summary of the findings of the current work and briefly
discusses future directions of work in this field based on the results presented

here.



Chapter 2 Literature Survey

This chapter gives a brief overview of published studies on the factors that influence
the mechanical properties of nanocomposite materials and an introduction to numer-
ical optimization methods for solving multi-objective design problems. The chapter
further discusses the modeling of the mechanical properties of nanocomposites (i.e.

the analytical models and theories used for the estimation of the properties).

2.1 Nanocomposite materials optimization

Generally, in composite materials, designers seek the best possible design that consumes
the least amount of resources whilst maximizing the materials’ properties depending on
the application. This requires a proper understanding of the properties of all the con-
stituent materials such as the reinforcements and the polymer matrix. When designing
wing to fuselage fairings for aircrafts applications for example, one may wish to design
the components in such a way that they have high strength with the minimum amount

of weight.

The use of nanofillers as reinforcements in polymer based nanocomposite materials
has been under studies as early as the 1950s [28], however significant interest in these
materials within both the academic and industrial arena came nearly forty years later
[29]. To date, nanofillers continue to play a promising role in composite materials design
and manufacturing. Hence there is still immense research interest in the development of

composite materials, especially polymer based composites for structural applications.
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As mentioned in the preceding section, the understanding of the properties of nano-
composites’ constituents (i.e. polymer matrix and nanofillers) at different length scales
remains a huge challenge. It should be noted that this understanding is integral to
the determination, characterization and design of the properties of nanocomposites
[30, 31]. Thus, it would be highly beneficial for nanocomposite materials designers
and manufacturers to have a deeper understanding of the parameters that influence or

affect the materials’ mechanical properties.

The requirements of nanocomposite materials are usually outlined according to the
specific application. Thus engineers need to fully comprehend the properties together
with the applications so as to design the materials that will meet these requirements.
It is worth noting that the general process of design of materials is usually complex,
tedious and time consuming as it involves large numbers of iterations in the quest
for finding the "best’ or optimum design. As a result, mathematical optimization has
appeared to be a powerful tool for design and in many cases, it has helped design
engineers to avoid repeating iterations prior to finding optimum designs to problems.
In addition, the process of numerical optimization may also save the costs associated
with raw materials that would normally be used through traditional trial and error

methods.

2.1.1 Factors affecting mechanical properties of nanocompos-

ites

Recent work by Islam et al. [6] on the effects of nanoparticles loading on the mech-
anical behavior of silica-epoxy nanocomposites concluded that the elastic modulus,
tensile stress, and yield stress of most nanocomposites increase with increasing nano-
filler loading. While this has been reported to be generally the case with nanocomposite
materials, it has been frequently observed that beyond certain nanofiller loadings, the
properties degrade significantly [32]. Khare et al. [10]| reported that optimum nano-
filler loading often coincides with the emergence of significant nanofiller agglomerations
which implies non-uniform distribution or dispersion of the nanofillers within the poly-

mer matrix.
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Hence it is important to ensure a balance between optimum nanofiller loading and the
avoidance of agglomeration of nanofillers. Poorshjouy et al. [33| investigated the effects
of Carbon Nanotubes (CNTs) loading and dispersion on the mechanical properties of
nanocomposites. The authors revealed that evenly distributed or uniform dispersion
was obtained at nanofiller loading of lower than 5 wt.%. Their results, indicated that
increasing of nanofiller loading beyond 5 wt.% leads to agglomerations ! and poor
dispersion resulting in a decrease of the mechanical properties of the nanocomposite
material. Figure 2.1 shows the possible dispersions of nanofillers that could be achieved

in nanocomposite materials.

(@) (b)

Figure 2.1: Possible dispersions of nanofillers within polymer matrix, (a): Uniform

dispersion. (b): Dispersion with agglomerations

Independent research works of Deng et al. [34], and Cheng et al. [17] have showed that
significant improvements on mechanical properties of nanocomposites can be achieved
through proper alignment of nanofillers within the polymer matrix. Furthermore,
Shankar et al. [15] recorded a higher elastic modulus for aligned nanofillers compared

to those which are randomly oriented.

Mirjalili et al. [35] modeled and experimentally verified the effects of aligned and
randomly oriented CNTs with respect to crack growth plane on the fracture toughness
of polymers using Elastic Plastic Fracture Mechanics. Both the experimental and the
numerical results indicated that there is no significant improvement in toughness for
randomly dispersed nanotubes with nanofiller loading of lower than 2 wt.%. The results
however, showed that aligning of 3 wt.% CNTs loading in epoxy normal to the crack

growth plane improved the toughness of the nanocomposite by up to 400%.

{Agglomerations refers to the clustering of the nanofillers
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Joshi et al. [36] analyzed the effect of various alignments of Multi-Wall Carbon Nan-
otubes (MWCNTSs) in nanocomposites. In their work, the highest values of the elastic
modulus were obtained for cases where the MWCNTs were aligned in the direction
of the applied loads. In addition, the authors further concluded that the moduli of
composites behave non-linearly with respect to nanofillers loading due to effects of

agglomerations.

Hua et al. [8] investigated both the roles of interphase-matrix adhesion and the in-
terphase property on the mechanical behavior of silica/epoxy resin nanocomposites.
Their results suggested that the interphase modulus and the interfacial adhesion con-
ditions have a significant influence on the overall stiffness of nanocomposites. Further-
more, they concluded that an interphase with higher stiffness has a higher load-sharing
capacity and that there was uniform stress distribution within the material. Zakaria et
al. [37] also investigated the effects of interphase characteristics on the tensile proper-
ties of Polyformaldehyde (POM) reinforced with CaCOs. Their study concluded that
increasing of the adhesion between nanofillers and polymer matrix increases the elastic

modulus and strength of the nanocomposite material.

Wongpajan et al. [38] investigated the effects of the interfacial shear strength on
the tensile strength of glass fiber reinforced polymer nanocomposites (GFRP). From
their results, the authors observed that the tensile strength of their sampled materials
increased with increasing fiber content. Their work also investigated the effect of fiber
orientation on the tensile strength and it was established from the results that the
tensile strength shows a declination trend for non-uniform orientation of fibers. In
addition, the authors further reported that the interfacial shear strength also increases

with the increasing fiber content.

Zare Yasser [39] developed a modified model based on the Mori-Tanaka theory for de-
termining the Young’s modulus of polymer nanocomposites with the consideration of
the interphase region. The author found that the original Mori-Tanaka theory under-
estimated the mechanical properties of polymer nanocomposites containing spherical
nanofillers and attributed this to the disregarding of the interfacial interaction between

the polymer and the nanofillers.
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The calculations from the modified model completely agreed with the experimental
results. In addition, the model predicted that a high-content, thick and strong in-
terphase creates a high modulus in polymer nanocomposites. Figure 2.2 shows the
comparison of the experimental and theoretical results of Polyamide-66/Calcium Car-
bonate (Pa66/CaCO3) and Polypropylene/Calcium Carbonate (PP/CaCOs3) polymer

nanocomposite materials.

A. Original Mori-Tanaka Model

18 r - - 14
1.7F ™ Experimental | 1. Pa66/CaCO- ] 135 ®  Experimental 2. PP/CaCO-
—&— Theoretical : . 3 —&— Theoretical g J
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B. Modified Mori-Tanaka Model
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Figure 2.2: Experimental vs. theoretical results of Pa66/CaCO; and (PP/CaCOs)
polymer nanocomposite materials. (A) Without the interphase properties and (B)

With consideration of the interphase region [39].
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i). Section summary: Factors affecting the mechanical properties

From the above review, it can be seen that nanofiller loading, dispersion, alignment and
the interfacial adhesion all play a very important role on the mechanical properties of
polymer nanocomposites. Furthermore, it can be understood that these factors cannot
be considered in isolation as they simultaneously affect the properties. Thus, it is of
critical importance to ensure that all these factors are accounted for when designing

polymer based nanocomposite materials.

2.2 Numerical optimization methods

Optimization is defined as a numerical search method that is used to find and determine
the best possible solution for a given problem using sets of mathematical statements
and equations. The methods can be categorized as either global or local optimization
methods. Local optimization methods are those that will always reach the same locally
optimal solution from the same starting whereas global optimization methods are those
that are less dependent on the initial position(s). This means that during computation,
local methods will only target nearby local optima whereas on the other hand, global

methods should be able to locate (local) optima anywhere in the search space.

It should be noted that optima refers to either maxima or minima depending on whether
the the problem of interest is a maximization or a minimization problem respectively.
Figure 2.3 is an illustration of the difference between global minimum and local min-
imum. Global optimization methods are known to outperform local methods when

solving problems. Thus they are usually preferred over local methods.

In general, optimization and search techniques can be divided into the following three

main groups:

1. Calculus or gradient-based techniques
2. Enumerative techniques

3. Stochastic or guided random techniques
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Figure 2.3: Illustration of global vs. local minimum

Figure 2.4 shows the different types of search and optimization techniques [40]

Search and optimization
techniques
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Calculus based search 2 / Stochastic h
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Figure 2.4: Different types of optimization techniques [40]

16



Calculus or gradient based techniques uses knowledge of derivative information to loc-
ate the optimum point. This type of optimization can further be divided into two
categories, viz. direct and indirect methods. Furthermore, the method is local in scope
and it assumes the existence of derivatives when solving problems. This results in

restrictions regarding the application of the technique to many real life problems [40].

Enumerative techniques obtain optimum solutions to problems by evaluating all the
points of the finite or discretized infinite search space. A well-known example of this
type of a search technique is dynamic programming which is an optimization approach
that obtains an optimum solution by converting a given problem into a sequence of
simpler problems. Enumerative techniques usually break down on problems of high
levels of complexity and size as it becomes impossible to search all the points in the

space [40].

Stochastic techniques deal with optimization problems that are described by random
or probabilistic variables rather than deterministic. These techniques are classified
into two categories i.e. single- and multiple-objective search methods. Most real
world optimization problems are solved by stochastic techniques. This is because the
methods are capable of obtaining global optimum for problems that involve discrete
variables, continuous or mixed variables, multi-variate or multi-objective functions,

non-continuous functions, non-differentiable functions, etc. [40].

The current study deals with the designing of polymer based nanocomposite materials
which is multi-objective in nature i.e. this study aims to find the optimum parameters
for the maximization of both elastic and tensile properties of nanocomposite materials.
Thus the focus in the current work will be placed on the stochastic search techniques,

especially multi-objective search/optimization technique as indicated in Figure 2.4.

2.3 Multi-Objective Stochastic Search Techniques

This section gives a description and the architect of the popular multi-objective optim-
ization algorithms. The algorithms are then compared and the best suited algorithm
for solving the current study’s design problem is selected. There are many stochastic
search optimization techniques that have been developed over the years for real engin-
eering problems. However, for the current study only the following four most popular

techniques will be focused on [40, 41]:
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Genetic Algorithms (GA)

Simulated Annealing (SA)

Particle Swarm Optimization (PSO)

e Ant Colony Optimization (ACO).

2.3.1 Genetic Algorithm (GA)

The concept of Genetic Algorithm was developed by Holland et al. [42, 43| in the
1960s and 1970s. GA is described as a heuristic, stochastic optimization and search
technique that is based on the principles of genetics and natural selection [44]. It is one
of the most popular evolutionary algorithms (i.e. algorithms that mimic the mechanics
of natural genetics for artificial systems). Thus, in nature, weak and unfit species
within a particular environment are faced with extinction by natural selection whereas
the strong ones have a greater opportunity to pass their genes to future generations

through a process of reproduction.

After a while, only the species carrying the correct combination in their genes become
dominant in their population. Sometimes, during the slow process of evolution, random
changes may occur in the genes. If these additional changes are beneficial in the
challenge for survival, the new species evolve from the old ones. Unsuccessful changes

are eliminated by natural selection [45].

The algorithm starts by generating random initial population through an iterative
process. The population in each iteration is called a generation and it is composed
of potential solution points to a problem. The solution points are called individuals
or chromosomes. These individuals are made of genes whose purpose is to control
features that distinguish one individual to the other. The original implementation of
GA used binary digits as genes [42]. However, in recent years, various types of genes
such as vectors, individual rank or crowding distance have been introduced to the
implementation of the algorithms. GA individuals corresponds to a unique solution
points in the solution space. The solution points for every individual are evaluated
against the fitness or (objective) function (i.e. the function that the algorithm is

trying to optimize).
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The value of the objective function obtained through each individual is called fitness
and it measures how ‘good’ an individual is compared to the other individuals in the
population. This means that the individual is selected on the basis of how well it
solves the problem at hand. Figure 2.5 shows a schematic of the process of individual

selection from the population through the use of an objective function.

Consider Figure 2.5:

1. From the population , individuals I, I and I3 are,
2. Evaluated using the objective function,

3. To obtain solutions, F'(I;), F(I3) and F(I3) in the optimization solution space.

For a minimization problem of two objectives, ‘good’ individuals would be those indi-
viduals that gives the minimum fitness values in the solutions space. This means that
the obtained solutions of F'([;23) on the dashed line in Figure 2.5 can be regarded as

the best optima solutions for the given problem.
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Figure 2.5: Schematic of the selection of the individuals and the application of an

objective function in a GA operation.
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The process of selecting the best individual is similar to that of natural selection (i.e.
survival of the fittest) whereby individuals are selected depending on their fitness (dom-
inance). Strong individuals (non-dominated) survive and the weakest ones (dominated)
die off [44]. There are different selection procedures for selecting individuals in GA and
this depends on how the fitness values are used. The most popular selection procedures

are proportional selection, ranking and tournament selection.

The process of generating new individuals from the existing ones is composed of two
processes i.e. crossover and mutation. Crossover is regarded as the most critical process
of GA. Crossover generally involves combining of two individuals called parents together
to form new individuals called offspring. The parents are selected among existing
individuals in the population with preference towards fitness so that the offspring is
expected to inherit good genes. Crossover is an iterative process and thus it helps in
ensuring that the genes of good individuals appear frequently in the population, and

will eventually lead to convergence to an overall good solution.

In addition, individuals in each generation stand a small chance of slightly changing
through a process of mutation. The role of mutation is to ensure that there is diversity
in the population and that the probability of obtaining any point in the search space
never goes to zero. Furthermore, mutation prevents GA from converging to one local
optimal solution prematurely [44, 41]. After mutation, the procedure is repeated until
an appropriate stopping condition is reached. Figure 2.6 shows the basic procedure of

a GA’s crossover and mutation processes of binary digit individuals.

Parentl [ 1 0:1 040 0] 1 [0to0  0ko o0 Offspring 1
.| Cross-over >
[ eaddadadteded 1 | e 3
Parent 2 1{190]021]0 ] 0 O O O 0 ) Offspring 2
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.
[070 0: 1i0 0|

Figure 2.6: Schematic of the crossover and mutation processes of a GA procedure of

binary digit individuals [46].
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2.3.2 Simulated Annealing (SA)

Simulated Annealing (SA) is considered to be the most popular optimization method
after GA. The method is inspired by a process of annealing of materials. The algorithm
its name from the fact that it emulates the physical annealing process in metallurgy.
During annealing, the temperature of a solid material is raised to a melting point where
the atoms can randomly move around freely in a high energy state, and then slowly
cooled down to allow an ordered rearrangement of the atoms to a lower energy state
[47]. The material reaches equilibrium at every temperature level. The atoms get closer
and closer to lower energy state as the temperature decreases. The process takes place

until the lowest possible temperature is achieved.

The analogy and relations of the physical process of SA with the optimization procedure

are given as follows [48]:

e The physical material state correspond to the problem solutions

e The energy of a state corresponds to the cost of a solution (or the objective

function)

e The temperature corresponds to a control parameter (or the problem variable)

The approach of SA algorithm to numerical optimization problems consists of two
stochastic processes i.e. one is responsible for the generation of solutions and the
other is responsible for the acceptance of generated solutions. The two processes are
usually controlled by two temperature values (i.e. the current state temperature and
the accepted temperature) which are similar to the physical annealing process and

follows a given annealing schedule [49].

When solving a problem, the SA algorithm starts every iteration by generation a new
random point (current temperature, (7")) which is then systematically updated until
a stopping criteria (optimum condition) is satisfied. Starting with the new randomly
generated point, the algorithm uses perturbation and evaluation functions to perform
a stochastic search of the design space. Updating of the points is also an iterative
procedure that is based on a probability distribution parameter with a scale that is

proportional to the temperature (7).
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For a minimization problem, the algorithm accepts all the new points that decreases
the objective or cost function (i.e. energy state in the physical annealing process)
and vice versa for a maximization problem. The new points that increase the objective
function are accepted with a probability of Boltzmann distribution. The determination
of this probability is dependent on 7. During computation, 7" is kept constant and
only reduced after a number of iterations. This therefore, slows down the rate of
temperature reduction, and ensures that the algorithm avoids being trapped in a local
minima in the early iterations and that it is also able to search globally for better

solutions [40].

The optimal solution of the algorithm correspond to the lowest energy state. Just as
the atoms move randomly to find an ordered arrangement, the global optimum of the
algorithm is also reached through a search within randomly generated configurations
[47]. Figure 2.7 illustrates a simple SA optimization problem [50]. From the figure,
at stage 1, the atoms have high temperature and are at a high energy state. The
temperature is then decreased to a lower energy state in stage 2. Lastly, the atoms

return to the lowest energy state at 3 after a complete process of cooling.
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Figure 2.7: Illustration of a simple SA optimization process [50].
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Figure 2.8 shows a schematic of a basic SA optimization process. It is worth noting
from the figure that the temperatures are only updated once the equilibrium criteria is
satisfied. This is done to ensure that the there are enough iterations until there is little
or no variation in the energy of the accepted solutions, thus, the equilibrium would

have been reached.
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Figure 2.8: Schematic of a basic SA process [49].
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From the figure above, the solid lines represent the program flow, whereas dashed
lines represent the data flow. The current solution is denoted by x, with 7} and Tj¢
denoting the generation and the acceptance temperatures at iteration k£, and 7T and
T§¢ denoting the respective initial temperatures. E is the energy function, and U (7}, k)

and V (T¢° k) are the generation and acceptance temperature schedules respectively.

The SA procedure given by Figure 2.8 can also be characterized as follows:

e Step 1 - Initialization: A random initial solution is assigned to z. The cost
function E(x) is the assessed. Initial temperatures Ty, = Ty and T2¢ = T§¢ are

set, an the time index is set at k£ = 0.

e Step 2 - Generate: A probing solution of y given by y = x + € is generated. ¢
represents a random variable that was sampled using the distribution, g(e, T}).

This is followed by the assessment of the cost function for the new probing solution

E(y).

e Step 3 - Accept: Solution y is accepted with a probability of 1 if E(y) < E(x);
else, it is accepted with probability A(x — y), i.e. make z = y only if A > r.
r here represents a random variable sampled for a uniform distribution [0, 1].
Return to step 2 until the number of inner iterations N (specified by the user) is

reached i.e. when the equilibrium criterion is satisfied.

e Step 4 - Decrease temperatures: The temperatures are reduced according to the
schedules U (T, k) and V (T2, k), and the time index k is incremented.

e Step 5 - Stopping: Finally, the algorithm will stop as soon as the stopping criteria

is met. Otherwise, it will return to step 2.
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2.3.3 Particle Swarm Optimization (PSO)

Like GA, PSO is also a population based stochastic optimization search technique.
The algorithm however, has no complicated evolutionary operators such as crossover,
selection and mutation and thus, it has the ability to converge faster as compared to
the other evolutionary methods [51]. It is called a behaviorally-inspired algorithm as
opposed to GAs which are called evolution-based algorithms [52]. This is due to the
fact that, the PSO algorithm is based on the social behavior of living things such as a
swarm of insects like bees, ants and wasps, a flock of birds, or a school of fish [41, 53,
52]. The algorithm simulates the behavior of swarms and uses the swarm intelligence
concepts whereby multi-agent systems such as bees or wasps share information during
the search to benefit all. The performance of each individual agents (particles) is

measured using a fitness or an objective function just like evolutionary algorithms.

In PSO, a swarm consists of a set of volume-less particles (a point) moving in a multi-
dimensional search space, each representing a potential solution. Each particle occupies
a particular position and flies or moves with an adaptable velocity within the search
space. The position and the velocity of each particle can be adjusted according to
(or relative to) its own movement as well as that of its companions. The particles
remember their past and best positions ever attained and this helps the algorithm
to search the multi-dimensional space faster. Figure 2.9 shows the concept of the
movement of particles of PSO within a search space and Figure 2.10 gives schematic

illustrating the basic PSO algorithm.

Search Sb;cc

(@) (b)

Figure 2.9: Representation of PSO algorithm: (a) Initialization (b) Particles movement

towards solution which is given by the grey circle [54].
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The parameters of the PSO algorithm in the figure above are described as follows [54]:

e The i'" particles are represented by the vector: X; = [z;1, Ti, .., Tig, ---, TiD)-

e The best fitness value (or the best value of the objective function) of the i

particle is given by the best previous position of the particle which is represented

as P; = [pi1, Pias -, Pidy s DiD-

o Py =[pg1,Pg2, s Dgds ---, Pgp] Tepresents the global best particle in the swarm i.e.
the particle which is closest to the solution relative to all particles in the search

space.

e The velocity or rate of change of the position of the i** particle is represented by
‘/; = [‘/ila %2, ) ‘/;da ) ‘/;D]

2.3.4 Ant Colony Optimization(ACO)

An ACO algorithm is a swarm intelligence based multi-point search method in which a
colony of artificial ants cooperates in finding solutions (i.e. food in real life). The sim-
ulation of the algorithm was developed based on the communication and coordination
of real ants called stigmergy [55|, which is defined as an indirect coordination between
agents or actions, where the trace left in the environment by an agent stimulates the

performance of a subsequent agent (agents in this instance refers to ants).

When traveling to and from the food source, ants deposit a chemical substance that
forms trails called pheromone. The ants are then guided by the quantity of the pher-
omone on the trails to find the food source. Figure 2.11 shows the behavior of real ants
seeking a path to and from their nest and the food source. From the figure; A. Ants
follow a path between the nest and a source; B. An obstacle is placed on the path and
the ants can choose whether to turn left or right with equal probability; C. Pheromone
is deposited more quickly on the shorter path; D. All the ants end up choosing the
shorter path.
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Figure 2.10: Schematic of the basic PSO algorithm.

The artificial ants in ACO algorithm also simulate pheromone deposition and use it
to solve problems. This is achieved by modifying appropriate pheromone variables
associated with the problem states they visit while trying to construct solutions to the
optimization problem [57]. The ACO has been used successfully to solve numerous
optimization problems. In most cases, however, the algorithm has been found not as

powerful as other heuristic search methods [58].
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Figure 2.11: Behavior of real ants in search of food [56]

2.4 Application of Stochastic Search Methods to Nano-

composites Design

This section discusses the applications of the stochastic search techniques that have
been used over the years to solve composite materials optimization problems. As
mentioned before, there is not enough work on the use of optimization methods to
optimize the properties of nanocomposite materials. In addition, there is no work on
the optimization of nanocomposites using the four major factors that the author of the
current study know of. Therefore, this section will only present literature that is based
on obtaining optimum solutions for design parameters such as volume fractions, fiber
orientations, plies’ stacking sequence, fabrication procedure, etc. for the optimization

of both traditional composite materials and nanocomposite materials.

Khandan et al. [21] used SA to develop a new methodology that could be used for
minimizing the thickness of laminated composite plates by optimizing the fiber orient-
ations for different load cases. Their study focused on the effects of transverse shear
forces experienced by the plate. The optimization algorithm proved to be reliable as
it was able to locate global optimum points of the laminate design regardless of the
initial points given to it. The obtained numerical results were found to be in agreement
with the experimental results. To validate the methodology, the numerical results were

further compared to the results of the previous research with specific loading cases.
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Ertas and Sonmez [23| also used a variant of SA to obtain optimum fiber orientation
to maximize the fatigue life of composite materials subjected to various in-plane loads.
The objective function used for the optimization was based on the fatigue-life prediction
model proposed by Fawaz and Ellyin [59] and the design variables were taken to be fiber
angle, biaxial loading and the ratio of the minimum and maximum stresses experienced
by the material. The algorithm was given random initial conditions for a number of
runs and in almost all the runs, the algorithm obtained similar design variables results.
Thus, the algorithm was consistent in obtaining the optimum designs and therefore

proving its reliability in solving optimization problems.

Awad et al. [60] used Multi-Objective Simulated Annealing (MOSA) together with
Finite Element (FE) to find the optimum fibre orientations for minimizing the cost and
the structural panel weight of a two-way fibre-reinforced composite sandwich panel.
The optimized panel was found to have an acceptable safety factor and its service
deflection was within the allowable limit. Thus, the proposed approach managed to

successfully reduce the cost and the weight of the sandwich panel.

Rostamiyan et al. [61] applied a combination of Central Composite Design (CCD)
model based objective functions and the GA to maximize the compressive strength,
the tensile strength and the fracture toughness of epoxy /high-impact-polystyrene nano-
composites by finding the optimum content of the different constituents of the nanocom-
posite material. The optimization results showed a significant increase in the targeted

mechanical properties of the material.

Moghri et al. [46] proposed a methodology for finding optimal materials and processing
parameters (i.e. melt temperature, nanoclays content, feed rate and screw speed) to
maximize tensile modulus and tensile strength of injection-molded Pa-6/clay nano-
composites. The two objectives were maximized by using GA code implemented in
MATLAB and the Response Surface Method (RSM) based objective function. The
authors observed an acceptable agreement between the values of the process paramet-
ers predicted by the optimization algorithm and those that were obtained through
experiments. The study showed that the GA can be used with the RSM to effectively
find the optimum process variables for maximizing tensile properties of polymer/clay

nanocomposites.
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Vo-Duy et al. [62] used a variant of GA called the Fast Non-dominated Sorting Genetic
Algorithm (NSGA-II) to minimize the weight of laminated composite beams whilst
maximizing their natural frequency by simultaneously finding the optimum values of
the design variables; fiber volume fractions, thickness and fiber orientation angles of
the laminates. The fiber volume fraction was taken to be a continuous design variable
subject to a constraint on the manufacturing process while the thickness and the fiber
orientation angles were taken to be discrete variables. Results from three numerical
examples were compared to results from previous studies to demonstrate the reliability

and effectiveness of the authors’ proposed approach.

Pelletier et al. [63] also used NSGA-II to optimize laminated composite materials. The
algorithm was used to obtain optimal designs for two model problems having conflict-
ing objectives. The first model’s objective was the maximization and minimization
of load carrying capacity and the mass of the laminates that is subjected to biaxial
moments. The objective of the second model was to maximize the rigidity while min-
imizing the mass of the composite laminates respectively. The design variables for both
optimization problems were chosen to be fiber orientations, fiber volume fractions and
the thicknesses of the laminates respectively. The obtained results showed the effect-
iveness of the proposed methodology for the multi-objective optimization of composite

materials.

Koide et al. [55] used an ACO algorithm to develop a methodology for obtaining the
optimal stacking sequence of laminated composite plates. The developed methodology
was evaluated on four different examples for symmetric and balanced lay-up of the
laminates. Classical lamination theory was used to obtain the structural response of a
rectangular plate for the first three cases. The results were compared to those obtained
from the literature through GA. The fourth case was to maximize the fundamental
frequencies of the rectangular plates with central holes through structural response
obtained by FE analysis. The obtained results showed that the optimization technique

may be successfully applied for design of laminated composites materials.
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Chen et al. [51] developed a Reliability Based Design Optimization (RBDO) method for
composite structures by combining PSO and FE. The methodology includes three mod-
ules: stress analysis by ANSYS, reliability calculation and optimization using MATLAB
optimization toolbox. A qualified RBDO for composite materials requires an optimiz-
ation technique that can efficiently find global solutions, and that is the reason PSO
was selected by Chen and co-workers. Using this methodology, the authors worked
out numerical examples for reliability design of a laminate and a cylindrical shell. The
examples showed that the proposed method has a good good stability and is efficient
in dealing with optimal design of composite structures. In addition, the design case of
a composite pressure vessel was studied to further demonstrate the effectiveness of the
method. The design objective here, was to minimize the total weight of the material
by obtaining optimum values of the design variables (i.e. the thickness of laminates,
fiber orientation angles and the wrap angle of the helical layer). It was found that the
thickness of the optimum structure increases with the increase of the internal pressure.
The wrap angle of the helical layer in the cylindrical region was also found to be in-
creasing with the increase in load. From the results, it could be concluded that the

method may serve as an effective tool for optimizing complex composite structures.

2.4.1 Comparison of Stochastic Multi-Objective Techniques

Table 2.1 shows a comparison of the optimization methods. Furthermore, the table
shows the solution cost (the measure of the methods computational efficiency in ob-
taining the solution), the type of solution the method provides and the overall ranking
of the method. A good optimization method is the one with the following character-
istics:

e Low cost in obtaining the solution

e High overall ranking

e Obtains a global optimum solution
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Table 2.1: Comparison of Optimization methods [41]

Method SA GA PSO ACO
Solution Cost Low Low Less than GA in | Moderate
single objective
only
Optimum Solu- | Global Global Convergence dif- | Good Perform-
tion Remark ficulties ance
Overall Ranking | Moderate High High Moderate

From the Table 2.1 it can be seen that both GA and SA are capable of obtaining global
optimum solutions to problems, PSO is reported to have difficulties in converging to
an optimum solution and the ACO generally has good performance though it does not
always guarantee a global optimum (i.e. it can be trapped in a local minimum from
time to time). Even though the PSO has a high overall ranking just like GA, it has

tendencies of having high computational cost when solving MOO problems [41].

Numerous research works have cited GA and SA to be the most popular stochastic
search optimization methods [47|. The review of the application of the methods presen-
ted in the previous section shows that the presented methods are all capable of solving
various composite materials design problems. However, it has been well documented
that GA are more suited for materials design problems when compared to the other
methods [64]. The is because the algorithm is capable of handling complex problems
with large design parameter search spaces. In addition, GAs possess the ability for
adaptation given a particular computational problem. Furthermore, the algorithm can
be applied to solve a variety of optimization problems in which the objective function
is discontinuous, non-differentiable, stochastic and or highly non-linear [65]. Hence,
in this work, GA is selected for the optimization of the mechanical properties dis-
cussed above. The validity and accuracy of the model is assessed by comparison to

experimental results of mechanical properties from previous studies.
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2.5 Multi-Objective Optimization (MOO) Problems

In this section, MOO is introduced and briefly described. In addition, a general MOO
problem is presented. Multi-objective optimization is described as the minimization
or maximization of more than one objectives subjected to a number of constraints. A

general numerical optimization problem is given as follows:

Optimize : F(X) (2.1)
Subject to: X = [x1,xa, ..., Ty (2.2)
Xiow < X < Xupp (2.3)

Gi(X) <0,i=1,2,...q (2.4)
hi(X)=0,j=1,2,....q (2.5)

where,

F(X) =[fi, fas s fu]" = R*

represent the objective function to be either minimized or maximized and X is a
vector containing the design variables defined in the design space R*. Subscripts k and
n represent the number of objective functions and the dimension of the design space
respectively. Xj,, and X,,, represent the lower and upper constraints of the design
variables. Functions g;(X) and h;(X) are the i"* and the j inequality and equality
constraints respectively. egs. (2.1) to (2.5) define the feasible solution, S, in the design

space.

Unlike the case of single-objective optimization, MOO problems have multiple number
of solution points which are called Pareto-optimal solutions. Thus, dealing with these
type of problems involves finding a set of optimal solutions for the given objectives.
Hence, solving MOO problems requires finding the best trade-off solution among a pool

of solutions.
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From a computational point of view, this process is not as straightforward as finding
a solution for a single objective optimization problem. This is because single objective
optimization algorithms presuppose that the designer is able to aggregate the objectives
into a single function expressing the relative importance of each design criterion. The
designer is then required to specify preferences such as weighting coefficients prior to
solving the optimization problem. It is worth noting that this a priori knowledge is
usually hard to translate into quantitative information and the choice of the weighting
coefficients is somewhat arbitrary [66]. The solution is thus strongly dependent on

these user-defined preferences.

Pareto based algorithms which have been studied extensively during the last decade
to solve for MOO problems allows the decision-maker to choose among many optimal
solutions. These algorithms do not require any quantitative a prior: information.
Therefore, the decision concerning the optimal design can be made a posteriori [66]. A
set of optimal design solutions for MOO problems are known Pareto optimal solutions

[67]. Pareto based algorithms are characterized by the following:

e Pareto Dominance
Pareto optimal solutions are expressed in terms of non-dominated points in the
solution space. A Pareto-Optimal solution is a solution that cannot be improved
with respect to any objective without worsening the other objectives [45]. Con-
sidering the above given optimization problem by egs. (2.1) to (2.5), a solution
X, € S dominates a solution X, € S, if solution X; is not smaller than X,
in all objectives and the solution X; is strictly smaller than X, in at least one
objective (i.e solution X is referred to as the non-dominated solution whereas,
solution X, is regarded as the dominated solution, see example in Figure 2.12 for

an illustration of the concept of Pareto-Dominance)

e Pareto Optimal
A solution X * € S is Pareto-Optimal if and only if it is not dominated by any
other solution in S. A set or collection of all Pareto optimal solutions is called a
Pareto-Optimal Set. The corresponding objective function values in the feasible

region or objective space are called Pareto-Front and represents a solution of the

MOO problem.
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Figure 2.12 illustrates the Pareto concept of optimality for the case of a problem with
two objectives. The problem has three non-dominated solution points (1, 2 and 3)
belonging to a Pareto-Front. Here the optimal solution points could not be moved
from 1 to 2 (or 3) or vice versa without decreasing or increasing any one of the given
objectives within the solution space. Based on the above reasoning, the three points
on the Pareto-Front could be defined as equally good non-dominated solution points.
However, solution points 4 and 5 (dominated solutions) are not better than the points
lying on the Pareto-Front. Thus, they do not form part of the Pareto Optimal Set (i.e.
the solution to the given MOO problem).
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Figure 2.12: Pareto-front for two-objective optimization problem in objective space
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2.5.1 Application of GA to MOO Problems

The generic GA described in section 2.3.1 addresses a case of solving a simple single op-
timization problem. Thus, the algorithm is modified for implementation on MOO prob-
lems. There are many variations of multi-objective GA in the literature [45]. Some of
the variations that have been developed over the years include Vector Evaluated Genetic
Algorithm (VEGA), Multi-Objective Genetic Algorithm (MOGA), Pareto Envelope-
based Selection Algorithm (PESA) Non-dominated Sorting Genetic Algorithm (NGSA)
and NSGA-II which is a variant of the NGSA. The basic approach of all GA variants for
solving MOO problems is similar to that of solving simple single-objective problems.
However, the algorithms differ based on their objective function selection procedure,
elitism (i.e. guaranteed selection of most ’fit’ individuals to the next generation) and
diversification (the type of mutation the algorithm uses for mutation) when solving

problems [45].

The NSGA-II is selected for the current work. This is due to the fact that the algorithm
has proved itself as a very powerful tool for solving real application engineering MOO
problems [68]. The original NGSA was first presented by Srinivas and Deb [69] whereas
the NSGA-II was developed by Deb et al. [70]. The main advantages of NSGA-II over

other variants of multi-objective GAs are given as follows [68]:

The algorithm is relatively simple

It provides a better convergence to a Pareto-Front solution

It has relatively low computational cost

It provides a wider distribution of solutions along a Pareto-Front

The NSGA-II is operated on the concept of Pareto domination rank. This means
that the individuals of a particular generation during optimization are selected on
the basis of their domination rank in the population [66]. By default, the algorithm
assumes a minimization problem and therefore when two individuals are compared for
selection, the one with the smallest rank wins. The processes of crossover and that of
mutation remain unchanged. Crowd distance (i.e. the measure of local sparseness in
the population) is used for the individuals with equal rank. The distance is also used

for the diversification of the population. During the optimization process individuals
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with the largest crowding distance are favored. As a result, individuals lying in a region

where they are closer to one another are penalized to avoid premature convergence.

2.6 Modeling the Mechanical Properties

In this section, the theoretical modeling of mechanical properties (elastic modulus
and tensile strength) of polymer based nanocomposite materials is introduced and dis-
cussed. Furthermore, the different types of models developed for determining these
mechanical properties are compared. The best models will then be used for the form-
ation of the objective functions to be used for the optimization of the nanocomposite

design problem.

In recent decades, there has been an immense acceleration of growth in the development
of reinforced polymer nanocomposites and their applications. As a result, great atten-
tion has been given to the behavior of the nano-mechanical parameters so as to have
a better understanding of the structure-property relationships that exist in polymer
nanocomposites. The combination of the nanofillers and polymer matrix properties
ideally results in a nanocomposite material that have properties (i.e. enhanced stiff-
ness, strength and thermal properties) distinct to those of the constituents. The factors
that mainly affect the final properties of the resulting nanocomposite include nanofiller

content, orientation factor, dispersion, interphase and interfacial adhesion.

From a mechanical point of view, further development and optimization of nanocom-
posite materials requires experimentation and application/development of theoretical
models for measurement and prediction of properties, such as stiffness, strength, frac-
ture toughness and coefficient of thermal expansion. As mentioned before, the mechan-
ical properties of interest for the current work are the elastic modulus and the tensile
strength. For this purpose, the theoretical modeling of the elastic modulus and its
parameters will be discussed first and then followed by the modeling of the tensile
strength. The two properties will form the first and the second objective functions for

the optimization problem respectively.
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2.6.1 Modeling the Elastic Modulus

The elastic modulus (or the Young’s modulus) is the stiffness of a material and it
defines the relationship between the stress and the strain at the elastic stage of a
tensile test. The elastic modulus of nanocomposites can be improved by the addition
of micro and nano fillers to a polymer matrix due to the fact that the fillers have much

higher stiffness values as compared to those of the matrix.

Many analytical models and techniques have been developed over the years for the
quantification of mechanical parameters and the estimation of the elastic modulus of
composite materials. The development of these models has taken two approaches i.e.
two-phase and three-phase models. In this section, the two approaches are discussed
together with some of the commonly known micromechanical models. The models will

then be compared and the best suitable model for the current study will be selected.
i). Elastic modulus prediction models for polymer nanocomposites

The two-phase models approach ignores the interphase region and the interfacial bond
between the nanofiller and the matrix. These models assume a perfect bonding condi-
tion at the interphase; they assume that the bond between the matrix and the nanofiller
is perfect and can be modeled using the continuity of tractions and displacements across
a discrete interphase [71]. As a result, they suffer from lack of accuracy in the pre-
diction of the properties. This is due to the fact that the interphase region properties
can significantly affect the overall properties of the nanocomposite materials. It is also
worth noting that the two-phase models were originally developed for the prediction
of the elastic modulus properties at microscale level rather than nanoscale. Some of
the most popular classical or micromechanical two-phase models for the prediction of
polymer based composites are summarized below. Einstein developed an equation for
the prediction of the Young’s modulus of particulate composites based on the rigid

filler (or particle assumption). The equation is given as follows |72]:

E.
— 1425V 2.6
7 + 2.5V (2.6)

m

where, F. and E,, are the Young’s modulus of the composites and matrix, and V; is

the filler volume fraction.
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It was found that Equation 2.6 is only valid for low concentrations of the fillers. Fur-
thermore, the equation also assumes perfect dispersion of individual fillers and a perfect
adhesion between filler and matrix [73|. In addition, the equation predicts a linear re-
lationship between E. and V;. Thus, over the years, several modifications were made

to the Einstein equation.

Halpin and Tsai’s work found that the elastic modulus of polymer composites can be
determined by using semi-empirical relationship [74]. The modified version of the model
has been reported in the literature to give reliable estimates for the elastic properties
of composite materials. Furthermore, the model has often been applied for comparison
with experimental test results [75]. Equation 2.7 gives the modified version of the
Halpin-Tsai model which was developed to incorporate the shape and the orientation
of the fillers.

EC . 1 +quf
E, 1-—qV; (2.7)
(§E4/En) — 1 (2.8)

1= (B /En) + 2p

where, p and ¢ represent the constants for a given composite. Constant p is a function
of the filler shape and the Poisson’s ratio, and ¢ is related to the modulus of the filler
(Ef) and the matrix (E,,). The orientation factor is given by & which equals unity in
the original equation and 1.6 for composites with three dimensional random orientation
of fillers.

Voigt and Reuss developed models for determining the Young’s modulus of a two-
phase composite material containing continuous fibres and matrix in parallel and series
arrangements respectively. The two models provides the upper and lower bounds of

elastic modulus of composite material respectively as follows [76]:

Eupp
S = EVi+ En(1-V)) (2.9)
Elew B EtE,,

E, [Ef(1-V;) + E,V{] (2.10)
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The given equations are commonly known as the Voigt-Reuss model and they are ap-
plicable to most micro composite materials [76]. Generally, the modulus of composites
should be lower than the upper bound predicted by Equation 2.9 and higher than the
lower bound predicted by Equation 2.10 [77]. However, there is a possibility for the
materials to violate these bounds due to Poisson’s effect whereby the filler size varies

in a range of between 12 and 50 nm [78].

The other technique for approximating the elastic modulus of composite is called the
modified rule of mixtures (MROM) which is an extension of the classical rule of mix-
tures (ROM). The modification to ROM was introduced by Fedelus et al. [79] to
incorporate filler orientation and distribution. The modified model showed a good

agreement between measured and predicted modulus at high filler volume fractions.

However, at very low volume fractions, dispersion of the fillers becomes challenging due
to the increased interaction between the polymer matrix and the fillers. As a result,
composite materials experience formation of agglomeration of the fillers which are not
accounted for by the model. Hence, the model was found to be inaccurate in predicting
the elastic modulus of composites at low volume fractions. The simple MROM is given
by Equation 2.11. Reference [80] presents another modification of the rule of mixtures

accounting for dispersion and agglomerations of nanocomposite materials.

E. :nEfo—{-Em(l —Vf) (2.11)

where, 1) represent the filler orientation factor, which is also known as the Krenchel [81]

factor of orientation.

Classical micromechanical techniques such as Mori-Tanaka method [82], self-consistent
method, differential method and other approaches based on the concept of effective me-
dium or effective field can be used for predicting the effective modulus of composites.
These techniques however, with few exceptions, neglect the precise locations and orient-
ations of fillers. Therefore, their applications are limited to solids that are statistically

homogeneous and subjected to uniform tractions or displacements on their surfaces
[76].
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Independent works of [29, 83, 84| found that the elastic moduli of several polymer
nanocomposites were very high such that the two-phase models are unable to predict
this mechanical property. It was discovered that the two-phase models lack accuracy
in prediction of the properties due to a number of issues pertaining to the assumptions
when they are formulated. Takanayagi et al. [85] observed a formation of microfibrils
(fine fiber like strands) with diameters ranging between 10 and 30 nm. They further
noticed that the microfibrils were more influential at the boundaries of the interphase
region. Their work concluded that there is a critical filler size of about 30 nm and
below which composite modulus increases. This proves that the interphase region is
critical and should not be neglected in the modeling of the mechanical properties of

composites.

2.6.2 Modeling the Tensile Strength

The strength of a material refers to the maximum stress that the material can support
under uniaxial tensile loading. For polymer based composite materials, this property is
dependent on the effectiveness of the stress transfer between the fillers and the polymer
matrix, again showing that the interphase region plays a critical role in the properties
of nanocomposite materials. In this section, the theories and models for predicting the

tensile strength of nanocomposites are briefly discussed.
i). Tensile strength prediction models for polymer nanocomposites

The tensile strength properties of nanocomposite materials depends on the weakest
fracture path throughout the material. This weakest path determines the load carrying
capacity (strength) throughout the structure of the nanocomposite material. Thus,
the strength of nanocomposites is mainly dependent on the fracture behaviors which
are associated with parameters such as the interphase adhesion, stress concentration,

defects and dispersion or distribution of the matrix reinforcements.

Liang et al. [86] argued that the tensile strength models for polymeric materials filled
with nanoparticles is largely dependent on the properties of the interfacial layer (region)
found in between the fillers and the matrix. Their study also concluded that the degree
of bonding within the interfacial region is usually categorized into poor adhesion, good

adhesion and to a greater extent, the properties of the matrix materials (ductility
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and brittleness) and the shape and surface modifications (or pre-treatment) of the

nanoparticles.

These nanoparticles (or reinforcing fillers) affect the material’s tensile strength in two
ways (i.e. the weakening of the material due to the formation of stress concentration and
also the reinforcing of the material through the prevention of crack propagation) [76].
For the given effects, if the weakening of the material is more predominant, the resulting
nanocomposite material’s strength will be lower than that of the matrix, whereas if
the reinforcing effect is more prevalent, then the material will have strength higher
than the matrix. This makes the prediction of the tensile strength of nanocomposites
difficult as the property is not necessarily dependent on the statistical averaged values

of the material.

In addition, just like the elastic modulus, the many techniques that have been de-
veloped for the prediction of the tensile strength do not take into account the effective
parameters of the mechanical properties of polymer nanocomposites [87]. Hence, even
though there are many published theories, there is still no universally accepted theory
to date [76]. The approach of modeling these tensile strength models for composite
materials is similar to that of the elastic modulus [88, 89, 76]. Some of the models that
have been developed for determining the tensile strength of polymer nanocomposites

are given and briefly discussed in this subsection.

The simplest form of the tensile strength model for polymer based composites was
formulated and proposed by Danusso et al. [90]. The model assumes that there is
poor (or no adhesion) between the matrix and the fillers. Thus, the stress cannot be
transferred from the matrix to the filler and that the strength of the material can be
obtained through the effective sectional area of the matrix in the absence of the fillers.

The model is given as follows:

.= 0 (1 = Vy) (2.12)

where, o, and o, represent the strengths of the composite and the matrix, and V}
is the filler volume fraction respectively. Equation 2.12 indicates that the strength of
polymer composite materials decreases linearly with increasing filler loading. However,
the results from tests conducted by Nicolais et al. [91] showed that the relationship

between the composite strength and the filler volume fraction is not always linear.
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Thus, the authors developed a new model by replacing the volume fraction by a power

law function of the volume fraction as [91]:

O = O (1 —dV}°) (2.13)

where, d and e are constants that depends on the filler shape and the arrangement
of the fillers within the matrix. Over the years, the simple models that assumes poor
adhesion have been constantly modified as to improve the accuracy of predicting the

tensile strength.

For example, Bigg et al. [92] developed the tensile strength model with the considera-

tion of some adhesion between the filler and the matrix as follows:

Oc = Oy (1 — dee + quU) (2.14)

where, u and v are constants, and d and e represent the same constants as given in
Equation 2.13 respectively. Leidner et al. [93] also developed the tensile strength model
which assumes a strong filler-matrix adhesion (i.e. good adhesion), the contribution
of friction between the filler and the matrix, and the residual pressure. The model
further assumes that the stress within the composite is transferred through shear from
the matrix to the fillers. Leidner’s model for the tensile strength of polymer composites

is given as follows:

o, =083PF,Vy + kyo, (1 = V) +0:G (1= V) (2.15)

where P is pressure, F, is friction coefficient, k), is the relative change in strength due to
the pressure of the filler, o; is the filler-matrix adhesion strength and G is a constant. It
is worth noting that the given models were primarily developed for micro scale instead
of nanoscale and thus, it has been often found that most of these models obtained
inaccurate results for nanocomposite materials. Furthermore the models do not cover
all the major effects affecting the tensile strength of nanocomposites. For example,
Equation 2.15 considers the properties of both matrix and fillers and the interphase

region, however it does not consider dispersion and orientation of fillers.
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2.7 Summary of the models for mechanical properties

of polymer nanocomposites

From the above discussions, the issues associated with the two phase models for de-
termining the elastic modulus of polymer based nanocomposite materials include the

following;;

e The negligence of the interphase and the interfacial adhesion between the fillers

and the polymer matrix
e The models assume perfect and uniform dispersion of the fillers

e The models cannot be applied successfully to composites materials with very low

volume fractions

e Lastly, the models fail to accurately predict the elastic modulus at small filler

sizes (i.e. at nanoscale)

As a result, over the past years, new models for the elastic modulus that addressed
the given issues were developed. These models are commonly known as three-phase
models, primarily due to the fact that their approach to the estimation of the properties
of composites account for the three distinct phases of the material (i.e. the matrix, the

interphase and the filler).

Models for the tensile strength also have shortcomings in that they do not consider all
the major factors affecting the property. Even though some models consider some of the
factors, it has been found that those factors (i.e. pressure due to the presence of fillers
in the matrix or friction) are not significant. This therefore, results in inaccuracies of

the predictions.

Hence, the focus on the current study will be placed on the models that consider all the
major influences of the mechanical properties of nanocomposite materials. That is, the
models that consider the three phases of the polymer nanocomposite, the dispersion of
the nanofillers, the orientation of the nanofillers, nanofillers loading and the interfacial
adhesion. The models used in the current work are given and discussed in the following

chapter. Figure 2.13 shows the three-phases of a nanocomposite material.
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Three phases of the nanocomposite; I
1. Filler, /S

I1. Interphase, /¢

11 Matrix, m

Cross-section A-A

Figure 2.13: Schematic of a nanocomposite illustrating the three-phases of the material
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Chapter 3 Methodology

This chapter gives a detailed procedure used for the analysis of MOO of polymer

nanocomposite’s elastic modulus and tensile strength. Figure 3.1 shows a flow chart of

the approach used in the current study. The approach is divided into three main steps

as given below:

(i)

Nanocomposite design model

The first step describes the analytical modeling of the properties of polymer based
nanocomposite materials and the design problem or (statement) generation. It
can be seen from Figure 3.1 that this involves modeling the two objectives (i.e.
elastic modulus and the tensile strength) which are to be optimized and the
identification of the design parameters that are to be used for optimizing those

objectives.

The formation of the objective functions and the specification of the design vari-
ables precede the conversion of the nanocomposite design statement onto a math-
ematical statement. As soon as the objective functions are formulated, a MAT-
LAB m file script (code) to be used for optimization simulation is then written. It
should also be noted that this step also includes the identification of the materials

properties to be used during the optimization procedure.

NSGA-IT MOO problem solving procedure in MATLAB

The second step covers the main procedure for optimization of the nanocomposite
material design problem within the MATLAB environment. In this step, the Fast
Non-Dominated Sorted Genetic Algorithm (NSGA-II) is employed to solve the

problem described in the previous step.
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This step involves the usage of the m.file MATLAB code containing the objective
functions of the nanocomposite design problem. Furthermore, the number of the
design variables are specified in this step. The other important aspect of this step
is to outline the critical parameters or the structure of the applied algorithm as
it can be observed in Figure 3.1. The optimum values of the objective functions
together with the design variables are obtained in this step. Thus, it can be

regarded as the most important step of the current study.

(iii) Analysis and validation of optimum results

In this step, the obtained optimum results of the objective functions and the
design variables are analyzed, interpreted and discussed. The accuracy of the
model and the validity of the results are also tested through comparison with

data from previous studies.

3.1 Nanocomposite Design Optimization Problem

An introduction of the nanocomposite design problem and a detailed discussion on the
formulation of the elastic modulus and tensile strength objective functions is given in
this section. The section further presents the discussion and characterization of the

design parameters associated with the respective objective functions.

First, the design parameters influencing the properties of nanocomposites are identi-
fied and expressed in terms of the optimization design variables. The constraints (or
boundaries) of the design variables are also outlined. Then a nanocomposite design
problem for maximizing the elastic modulus and the tensile strength is converted (or
transformed) into a numerical multi-objective optimization problem using the two ob-
jective functions. This is followed by a rationale for the materials selected for the
current study and finally, the NSGA-IT in MATLAB is used to optimize the given
nanocomposite design problem. The results are processed and then validated using the

available literature.
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Figure 3.1: Flow chart of the optimization of mechanical properties of nanocomposites
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3.1.1 First objective function (f;)

The first objective function refers to the elastic modulus. Therefore this section covers
the modeling of the elastic modulus and the design parameters that influence this

mechanical property.

The formulation of the first objective function, f; for the MOO follows the identification
of the appropriate three-phase model to be used for the prediction and determination
of the elastic modulus. To the authors’ knowledge, there are currently only two three-
phase models for determining the elastic modulus of polymer based nanocomposites;
Ji model [94] and Samandari model [95]. The current study however, will focus on
Ji model. This is due to the fact that the model could be applied for a wide range
of nanofillers shapes as opposed to Samandari model which could only be used for
spherical nanofillers. Figure 3.2 shows a representation of the three-phase Ji model

and responses to an applied load [96].

= G 3. Filler phase

T 1
B m i 2. Interphase region
—
I L 1
m 1. Matrix phase

Figure 3.2: Representation of Ji model and the responses to applied load with 'm’, ’f’

and ’i” denoting respectively the matrix phase, filler phase and interphase regions.
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Ji model was developed based on the Takayanagi’s two phase model [97] and is given

as follows:

A—p B
Er=|(1-)\)+ — + — (3.1)
(1- ) )\(ln(a)l) (1- x4+ AzBxD -
Fn= 2 (3.2)

8=, (3.4)

(3.5)

where,

- Iy is the elastic modulus of the nanofiller

- Fj; is the elastic modulus of the interphase

- E,, is the elastic modulus of the matrix

- FE,. is the elastic modulus of the polymer nanocomposite

- FEg is the normalized elastic modulus i.e. the ratio of the elastic modulus of the

nanocomposite to that of the polymer matrix

- a is the ratio of interphase-to-polymer matrix elastic modulus which describes a

linear gradient change of modulus from matrix to the surface of the nanofiller

- 0y is the nanofiller loading

t is the diameter of the nanofiller
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- t; is the thickness of the interphase
- [ is a function of ¢

- A is a function of ¢ and ¢; respectively

It is worth noting that in the absence of the interphase (i.e. t; = 0), Ji model reduces

to the two-phase model of Takayanagi as follows:

-1

5
Ey
(1-25) +5E—m

Er=111-08)+ (3.6)

Equation 3.1 for predicting the elastic modulus is taken to be the first objective func-

tion, for the MOO model of the current study as follows:

fi=FEg (3.7)

i). Elastic modulus design parameters

From egs. (3.1) to (3.5), the design parameters/variables of the first objective function
can be identified as ¢;, ¢, 0y and E; respectively. These are the variables that are to
be optimized for obtaining the optimum value of the elastic modulus of polymer based
nanocomposite materials. The limitations and constraints of the given design variables

are briefly discussed in the following paragraphs.

Previous studies on nanocomposites shows that ¢; can only vary between 0 - 10 nm |98,
96, 99, 94]. Zare et al. [100] reported that any value of ¢ equal to 1 nm or less is not
acceptable for the prediction of the mechanical properties of nanocomposites. Hence
for the current work, both ¢; and ¢t where taken to range from 1 to 10 nm. The loading

of nanofillers is not expected to exceed 10% [95].
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Njuguna et al. [11] also showed that the properties of nanocomposites start to signific-
antly deteriorate at loading levels exceeding 10% and in addition, their work concluded
that the best nanofiller loading for polymer nanocomposites is approximately 2%. Zare
et al. [96] obtained the highest level of polymer-fillers interfacial adhesion and nan-
ofillers dispersion in samples containing 4% loading. Thus, the range of 6 for the

current work was taken to vary between 1 and 5%.

The design parameter a (i.e. ratio of the interphase-to-polymer matrix) is a minimum
when the interphase modulus is equal to that of the modulus of the matrix and a
maximum when the modulus of the interphase equals that of the nanofillers [94]. From
a mathematical point of view, it can be seen that the value of a in Equation 3.1 cannot
have a value of unity. Hence, the range of the interphase modulus was selected to be

between 1 and E; to avoid In(1) which could result in an unsolvable objective function.

3.1.2 Second objective function (f)

In the current study, Zare et al. [101] model for determining the tensile strength of
polymer nanocomposites is used. The model is primarily chosen because it takes into
account the material’s interphase properties, nanofiller loading and the orientation of
the nanofillers. The approach of the theoretical modeling of Zare model is described

below.

According to Kundalwal et al. [102| the applied load to polymer nanocomposites is
transferred to the nanofillers by means of shear forces at the polymer matrix-nanofiller
interphase region. Furthermore, this load develops a high shear stress zone at the ends
of the nanofiller. Figure 3.3 shows a schematic of the applied tensile load and the

development of interfacial shear stress along the nanofiller in polymer nanocomposite.

T

s s s . .
G ——— Nanofiller —» C

. ——— —— —— ——
T

Figure 3.3: Schematic of tensile load and the development of interfacial shear stress

along a nanofiller in polymer nanocomposite [101].
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The breaking of the nanofillers causes its total length (L) to decrease, thus a critical
length (L.) is obtained as the maximum nanofiller length that can no longer be frac-
tured by the stress transfer through the polymer matrix and nanofiller interphase. This
means that for L <L, the shear stress transferred to nanofiller through the interphase
is not large enough to reach the failure stress. However, for a case where L is greater
than the L., the nanofiller will be pulled out of the polymer matrix before it fails. This
therefore shows that the strength of the nanocomposite is significantly dependent on

L., which is expressed as follows:

where,

r is the radius of the nanofillers and it is equal to 0.5¢

« is the aspect ratio of the nanofillers which is given as the ratio of nanofiller

length to that of the diameter

o is the tensile strength of the nanofiller

7 1s the interfacial shear stress

When L <L., the tensile strength of a polymer nanocomposite can be determined by

a model that is based on Kelly-Tyson theory as follows [101]:

0
op =120 1y g, (3.9)
Om
op = 2 (3.10)
Om

where,

- 7 is the nanofillers orientation factor
- 0,, is the tensile strength of the matrix

- Ope 18 the tensile strength of the polymer nanocomposite
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- og is the normalized tensile strength i.e. the ratio of the tensile strength of

nanocomposite to that of the polymer matrix

When the interphase region is taken into consideration, the tensile strength of the

material is obtained as follows:
UncAnc = UmAm + TAZ' (31].)

where A indicates the surface area and subscripts nc, m and i denote the nanocompos-
ite, matrix and interphase respectively. The number of nanofillers in a nanocomposite

is determined by using the following expression [104].

Ayl
=t/ 3.12
" 72 ( )
A,, and A; are expressed as follows:
Ay = Ape —nm (r +1)° (3.13)
A, =2 (r+1t)L, (3.14)

L, in this regard represent the pullout length of the nanofillers. When fracture occurs
the nanofiller is pulled out of the side of the break where the length is shorter. This
means that the L, varies between the range of zero up to half the nanofiller length.
Therefore, it follows that the average L, equals quarter of the total nanofiller length
ie. L, = L/4 [105]. It shows that the nanofillers do not break on the fracture of
nanocomposite since they are generally much shorter than L. and this justifies the use
of suggested equation for short fibers (L <L.). Replacing the egs. (3.12) to (3.14)
into Eq. 3.11, we obtain Zare’s model for determining the tensile strength of polymer

nanocomposites which is taken to be the second objective function as follows:

1— (1 + %)2 ef] (3.15)

Thus, Equation 3.15 for predicting the tensile strength of polymer nanocomposites is

aT tz
UR:n—(l‘i';)ef—l-

taken to be the second objective function, for the MOO model of the current study as

follows:

fa=og (3.16)
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i). Tensile strength design parameters

Equation 3.15 shows that the design parameters or variables for the second objective
function are t, t;, 0, n and 7. The rationale for the limitations and constraints of the

given design variables is given in the following paragraphs.

The orientation factor 7, is also known as the Krenchel [81] factor of orientation.
The factor can only assume discrete values; 1, 3/8 and 1/5 for fully aligned, randomly
aligned in 2-dimensinal plane and randomly aligned in 3-dimensional plane respectively
[81]. However, for the current work the factor is varied between the range of the given

discrete values.

Blighe et al. [106] proposed that the strength of nanocomposites varies linearly with
the orientation factor. In their work, an orientation factor of 1 was applied to the Rule
of Mixtures (ROM) to calculate the theoretical elastic modulus and tensile properties
of nanocomposites. The validity of the value of the orientation factor for the investig-
ation was achieved through the use of a combination of experimental results of Raman

spectroscopy and Herman’s orientation factor for composite materials [107].

The interfacial shear strength, 7 was computed for a range of 1 and 52 MPa based on
the work done by Zare et al. [101] on the effects of the interface on the tensile properties
of nanocomposites. The authors also found that the values of the thicknesses of the
interphase are usually less than the thicknesses of the nanofillers of the CNTs in all

reported samples.

Stojsi¢ et al. [108] studied the tensile properties of Pa-12/Clay nanocomposites and
found that the thickness of the interphase ranges between 2.36 — 4.41 nm. Wagner et
al. [109] also obtained the maximum experimental values of 50 MPa for the interfacial
shear strength of carbon nanotube reinforced polymers. Furthermore, Zhandarov et
al. [110] reported that the interfacial shear strength determines stress transfer through
the interphase and therefore significantly affects the mechanical properties of composite

materials.
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3.1.3 Determination of effects of dispersion

Currently, there are no known methods of directly quantifying effects of dispersion
using theoretical models for determining the mechanical properties of nanocomposites
[10]. Hence in this research, a combination of the optimized tensile strength equation
(i.e. the second objective function) and the Pukanszky model [111] is used to determine

the effects of dispersion by obtaining parameter “B” as follows [112, 113]:

1 1+ 2.56;
B=— Rl & 1
9fln {0R< 1+0; )} (3.17)

"B" is also dependent on the characteristics of the interphase as:

B=(1+Apt;)In (i> (3.18)

m

where,

- A is the specific surface area of nanofillers
- p is the nanofiller density

- 0; is the tensile strength of the interphase

In Equation 3.18, A indicates the level of nanofiller dispersion whereas ¢; and o; in-
dicates the properties of interphase respectively [96]. This therefore, shows that the
yield strength of polymer nanocomposites is mostly dependent to the interfacial adhe-
sion between the polymer matrix and the nanofiller as well as the nanofiller dispersion
[114]. As a result, parameter “B” which is determined from the results of the yield
strength shows the level of interfacial interactions and the quality of dispersion in
matrix [96].

o6



The results of Zare et al.’s [96] investigation on the interphase properties of polymer
nanocomposites showed that the optimum mechanical properties of polymer based
nanocomposites can be obtained at nanofiller loadings of 0.04 and parameter “B” of

3.37. The tensile strength of the interphase ( 0;) can also be calculated by B parameter.

The specific area of the nanofillers at the interphase (A) can be given by [101]:

A_A,-_ZW“L_ 2rrl 2
“m pV  pmr?L pr

(3.19)

where,

- A, is the interphase area
- L is the critical length of the nanofillers

- m and V represent mass and total volume of the nanofillers

By substituting A in Eq. 3.18, we get:

B= (1 + 2775) In (;’—m> (3.20)

And, 0; can be determined by rearranging of Eq. 3.20 as:

(3.21)

Equations 2.28 to 2.32 are used to characterize effects of dispersion on the tensile
properties of polymer nanocomposite materials. It should be noted that the equations

can also be used to determine the interphase strength of the materials.
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3.1.4 The numerical optimization problem

The modeled objective functions and their respective design variables given in the
previous sections are used to formulate a multi-objective optimization problem of the
current study. Table 3.1 shows the design variables of each objective function and their
constraints. As discussed in the previous section, the constraints are there to ensure
that the search region (space) for the optimization algorithm is within the feasible
region (or the acceptable range). The constraints also improve the efficiency of the
algorithm as it is quick to eliminate those values of the design variables that fall in the

unfeasible region.

Table 3.1 also shows the parameters or design variables that are found in each objective
function that is to be optimized. From the table it can be seen that the common para-
meters in both objectives are; thickness of the interphase x1, thickness of the nanofiller
2o and the nanofiller loading respectively x3. Figure 3.4 shows the relationship between

the objective functions and the design variables.

Table 3.1: Optimization design variables and constraints

] Variable ) Objective functions
Design Parameter Constraints
(X) Ji model | Zare model
(f1) (f2)

t; (interphase thickness) T 1072 < 2y <1078 v v
t (nanofiller diameter) To 1079 < 29 <1078 v N
6 (nanofiller loading) T3 0.01 <23 <0.05 v N
E; (interphase modulus) T4 1 <xzy < Ey v X
7 (interfacial shear strength) x5 1 < x5 <52 X v
n (orientation factor-alignment) T 02<z<1 X v
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fi

Design variables

Figure 3.4: Relationship between the objective functions and the design variables

Using the design variables, the optimization design problem is then expressed as a

numerical multi-objective optimization problem as given below:

Maximize :fy = Eg

(3.22)

Ja=og
Subject to: X = [x1, 9, ..., 2¢) (3.23)
Xiow < X < Xupp (3.24)

The representation of the nanocomposite design problem into a numerical optimization
problem is followed by writing an m-file script of the two objective or fitness functions in
MATLAB. This is a callable script used in the MATLAB optimization tool for solving
the multi-objective optimization problems. The script contains the input variables such
as the elastic modulus of both the polymer and the nanofiller and the tensile strength

of the polymer matrix.
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Figure A.1 in the Appendix shows the m-file script of the objective functions. Various

materials from literature have been selected for the current study and the properties

of the matrix and the nanofillers are given in Table 3.2.

Table 3.2: Materials used for numerical optimization

Polymer Properties Filler Properties
Polymer + Nanofillers
E., |GPa| | 0., [MPa| | Ef |GPa|
Nylon-6 + Montmorillonite (MMT) 3.2 46.1 20.36
Styrene Butadiene Rubber (SBR) + MWCNTs 2 20 900
Polyamide (Pa) + Calcium Carbonate (CaCO3) 0.509 65 37
Isotactic Polypropylene (iPP) + MWCNTs 1.6 40 900

3.2 NSGA-II for MOO in MATLAB

The NSGA-IT algorithm setup in MATLAB is described in this section. Figure A.2
in the Appendix shows the nanocomposite design problem setup in the optimization
toolbox and Figures A.3 and A.4 shows the ’options’ windows within the optimization

toolbox environment.

Once the objective functions and the input variables have been written and completed,
the gamultiobj-function which is based on the NSGA-II in global optimization toolbox
for MATLAB is then used to solve for the maximization of the elastic modulus and
the tensile strength of polymer nanocomposite materials (Step II in flow chart: Figure
3.1). The step is regarded as the main part of the proposed approach for optimiz-
ing the mechanical properties of polymer nanocomposites. The NSGA-II framework’s

procedure is shown in Figure 3.5 and is briefly explained below:

e Stages - 1—2: The procedure starts by executing Eq. 3.25 which randomly selects

a set of parameters X as initial population,

X = gamultobj (fobjective Twarss Zs b, Zeg, beqy Xiows Xupp, options) (3.25)
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where, fopjective T€present the objective function of the algorithm, 7,45 is the
number of independent variables for the objective function and options refers to

the structure containing the options for GA.

The constraints (i.e.both equality and inequality) of the design variables satisfy

the following equations:

ZX <b (3.26)
ZegX = beg (3.27)
Xlow S X S Xupp (328)

For the current study, only Eq. 3.28 is used and Z,b, Z., by are set to be empty
matrices. This is because the design variables are only constrained by the lower
and upper limits respectively. For every iteration, the gamultiobj calls the ob-

jective function represented as follows:

OF = fobjective (X) (329)

The objective function is the MATLAB m-file script containing the model equa-
tions that describes the relationship between the design variables and objective

functions 1 and 2 (i.e. elastic modulus and the tensile strength) respectively.
Stages - 2 — 3: The objective values are stored and evaluated in fopjective

Stages - 3 — 4: The resulting objective values of each individual (solution points)

are returned as output variables of fopjective t0 gamultioby.

Stages - 4 — 5: The NSGA-II then processes the objectives and the diversity of
the individuals and selects the best (elite) and most diverse individuals as the

parent individuals of the next generation (iteration). Refer to Figure 3.5.

Stages - 5 — 6: Random recombination (crossover) and mutation of individuals

occurs to generate new individuals.

Stages - 6 — 7, 2: A set of new design variables X is generated and the iteration

re-starts until the termination criteria is met.
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Figure 3.5: MATLAB’s NSGA-II optimization procedure for maximizing mechanical

properties of nanocomposites

The above algorithm procedure was followed for the selected nanocomposite pairs
(Polymer Matrix and Nanofillers) as given in Table 3.2. All optimization experiments
were performed with Intel Core i5 processor running at 3.20GHz Windows 10 operating
system. The NSGA-IT in MATLAB’s optimization toolbox was used to optimize the
objective functions f; and f;. Due to the stochastic nature of the MOO algorithm,
the solutions from the optimization model show scattered or clustered phenomenon.
Hence, it was deemed necessary to run multiple computations to ensure reliability and

convergence of the optimization solutions.
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A total of six computations were run for the optimization of each nanocomposite ma-
terials pair. The obtained optimum results for the individual pairs were recorded for
further analysis. Descriptive statistics analysis and interpretation method were used

for the characterization of MOO optimization results.

Before starting the optimization procedure, a number of important parameters were
assigned to obtain reliable optimized solutions. This area called the ‘options’ or the
structural set up of the algorithm as it contributes to the effectiveness of solving the
given problem. Hence, appropriate population type and size, number of generations,
cross-over rate and mutation rate must be defined. For all the experiments, the popu-
lation type was set to be a default double vector with the size of 200. The crossover
rate, mutation rate and number of generations were set to be 0.55, 0.05 and 3500 re-
spectively (see Figures A.2 to A.4 in the Appendix). This was done to ensure that the

optimization run was always exhaustive with regard to the search space.

Furthermore, as shown in Figure 3.5, the elastic modulus (f;) is dependent on in-
terphase thickness (z7) and interphase elastic modulus (x4), nanofiller thickness (x2)
and nanofiller loading (z3). The tensile strength (f2) on the other hand is dependent
on interphase thickness (x;) and interfacial shear stress (x;) nanofiller thickness (x2)
and nanofiller loading (z3) and nanofillers orientation factor(zg). Hence for every op-
timization run, a set of optimized design variables X along with the optimum values
of the objective functions f; and f, will be returned when the termination criteria
is satisfied. This means that the algorithm returns with each optimized value of the
design variable, X = [z1, 9, ..., 2|, that gives the maximum elastic modulus and the

tensile strength of the optimized nanocomposite pair.
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Chapter4 Results and Discussion

The overall results of design variables obtained by the proposed MOO model are char-
acterized and discussed in this chapter. In addition, the effects of the design variables
and their influences on the mechanical properties of polymer nanocomposite materials
will also be discussed. This chapter is divided into two main sections, namely; overall
results of the MOO model (section 4.1) and the effects of the design variables on the
mechanical properties of nanocomposites (section 4.2). Section 4.2 is further divided
into subsections i.e. effects of nanofiller loading (subsection 4.2.1), effects of interphase

properties (subsection 4.2.2) and lastly, effects of dispersion (subsection 4.2.3).

The results of the optimization model were analyzed by using two different methods
(i.e. the mean and the median). A detailed description of the two methods of analyzing
the obtained optimization results is given in Appendix A. These methods are known
as descriptive statistical analysis of data methods and they include the use of graphs,
charts and tables, and the calculation of measures of central tendencies of data (i.e.

averages, mode, median, ranges and percentiles).

The measures of variation for determining how the results vary from the expected
central values were also used for analysis. These measures of variation include, the
standard deviation (SD) which measures the variation of data from the mean and
the quartiles on box and whisker plots which measures the variation of data from the
median. The measures of variation are also presented and explained in Appendix A.
Each of the results sections of the chapter mentioned in the paragraph above are divided
into the two methods of analysis. The overall results are then compared to each other

and further compared to the experimental results from previous studies for validation.
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It should be noted that the design variables are optimized to maximize the normalized
elastic modulus (Eg) and the normalized tensile strength (o). The design variables of
the mechanical properties of the current study are given below. The variables are given
as both their notation in the analytical models for determining the elastic modulus
and tensile strength as well as the notation used in the mathematical problem for

optimization as follows:

Thickness of the interphase, t; (z1)

Diameter of nanofillers, t (z3)

Nanofiller loading, 6 (x3)

Interphase modulus, F; (z4)

Interfacial shear stress, 7 (z5)

Orientation factor, n ()

It is expected that the final overall results of the mechanical properties of the MOO
model for both mean and median analyses will be higher or (better) than the phys-
ical experimentation results from literature. This is due to the fact that the main
purpose of the current work is to obtain the optimum values for the given design
variables to maximize the mechanical properties of nanocomposites using numerical
multi-objective optimization methods, in particular, the Fast Non-dominated Sorted
Genetic Algorithms (NSGA-II) in MATLAB. In addition, numerical optimization gen-
erally deals with finding and locating best’ solutions to problems. Thus, it follows that
the solutions obtained through this technique would always be better compared to the

physical experimental results.

4.1 Overall results of MOO model

The overall results of the NSGA-II optimization model for the different pairs of the
nanocomposites are presented in Table 4.1 and Table 4.2 for both the mean and median
analysis respectively. The experimental results obtained from literature used for the
comparison purposes are given in Table 4.3 and Table 4.4 for the normalized elastic

modulus and tensile strength respectively.
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It should be noted that the overall results given in Table 4.1 refers to the averaged
results for the individual nanocomposite pairs whereas those in Table 4.2 are the me-
dian results obtained from the box and whisker analysis respectively. As it could be
seen from both results the optimized mechanical properties are comparable with the

experimental data.

For example, consider the Nylon-MMT nanocomposite pair, the optimization mean
results of the normalized elastic modulus and tensile strength for the 2.95 wt.% MMT
loading are 1.81 and 0.92 respectively. The optimization results obtained through the
median analysis on the other hand were determined to be 1.54 and 0.93 for the elastic
modulus and the tensile strength respectively with the MMT loading of 3.21 wt.%.
For the same material combination, the experimental results of the normalized elastic
modulus for the MMT loading of 3 wt.% is 1.48 [94] and that of the tensile strength is
0.935 for 5 wt.% MMT loading [115].

Furthermore, the mean normalized elastic modulus and tensile strength of 4 wt.% of
CaCOj3 are 2.01 and 0.96, 4.2 wt.% of MWCNTs with SBR are 1.82 and 0.97 and 3.47
wt.% of MWCNTs with iPP are 1.70 and 0.97 respectively. The median normalized
elastic modulus and tensile strength of 4.52 wt.% of CaCOj3 are 1.75 and 0.97, 4.69
wt.% of MWCNTSs with SBR are 1.85 and 0.97 and lastly, 4.53 wt.% of MWCNTs with
iPP are 1.84 and 0.97 respectively. From tables 4.1 to 4.4 it can be seen that the ex-
perimental results from literature are matching well with the optimized nanocomposite

material properties.

It is worth noting that some of the nanocomposite materials pairs from the experimental
results used for the comparison of the tensile strength results of the optimization model
do not exactly match the nanocomposite materials pairs used in the current study (i.e.
Polyethylene (PE)-MWCNT pair) is used for the comparison of SBR-MWCNT. The
rationale here is that the most important material in nanocomposites is the nanofiller,
this is due to the fact that they are the regarded as the material that reinforces or
improves the properties. In addition, some of the exact nanofillers-matrix pairs that

were used in the current study could not be found in the literature.
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Table 4.1: Optimized mean design variables and the corresponding normalized mech-

anical properties.

Nanocomposite t; t 0 E; T
Material (nm) | (nm) | (wt.%) | (GPa) | (MPa)
Nylon-MMT | 4.07 | 5.65 | 2.95 19.72 | 50.69 | 1.00 | 1.81 | 0.92
Pa- CaCOg 2.78 | 6.36 4 31.28 | 51.16 | 1.00 | 2.01 | 0.96
SBR-MWCNT | 2.17 | 6.50 | 4.29 | 600.88 | 50.12 | 1.00 | 1.82 | 0.97
iPP-MWCNT | 2.32 | 7.07 | 3.47 | 51247 | 51.32 | 1.00 | 1.70 | 0.97

n | Er | or

Table 4.2: Optimized median design variables and the corresponding normalized mech-

anical properties.

Nanocomposite t; t 0 E; T
Material (nm) | (nm) | (wt.%) | (GPa) | (MPa)
Nylon-MMT 2.96 | 541 3.21 19.87 | 51.92 | 1.00 | 1.54 | 0.93
Pa-CaCOj3 2.24 | 6.42 4.52 31.31 | 51.97 | 1.00 | 1.75 | 0.97
SBR-MWCNT | 2.12 | 6.18 4.69 | 551.04 | 50.36 | 1.00 | 1.85 | 0.97
iPP-MWCNT | 2.31 | 7.01 4.53 | 539.39 | 51.92 | 1.00 | 1.84 | 0.97

n Er OR

Table 4.3: Experimental results of the normalized elastic modulus (ER).

Nylon/MMT [94] | Pa/CaCO; [116] | SBR/MWCNT [117] | iPP/MWCNT [117]
O O O 0y
(23) Er (23) LR (23) Er (z3) Er
(wt.%) (wt.%) (wt.%) (wt.%)
0 1 0 0 1 1.1 1 1.1
1 1.25 1 1.1 3 1.2 2 1.12
2 1.4 2.1 1.2 5 1.3 3 1.2
3 1.48 4.6 1.6 - - 5) 1.35

Figure 4.1 shows the comparison the normalized elastic moduli of the optimization
model obtained through the mean and median analysis against the normalized elastic
modulus from the experimental data. Figure 4.2 shows the percentage increase in Eg

of the optimization model compared to the experimental data.
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Table 4.4: Experimental results of the tensile strength (o).

Nylon6/MMT [115] | Pa/CaCOs [118] | PE/MWCNT [119] | iPP/MWCNT [120]
6 6 6 6
(wtf%) " (wtf%) " (wtf%) " (Wt.f%) "
0 0.89 0 0.71 0 0.78 0 0.7
1 0.91 1 0.76 0.5 0.86 1 0.78
3 0.92 2.1 0.83 1 0.91 2 0.875
5 0.935 3 0.94 2 0.94 2.4 0.81
- - - - 3 0.95 4.2 0.75

From Figure 4.2 it could be seen that the median analysis shows the lowest percentage
increase for Nylon-MMT and Pa-CaCOj (i.e. about 4% and 9% for the two materials
compared to 22% and 26% for mean analysis respectively). The percentage increase
for median analysis of SBR-MWCNTs and iPP-MWCNTs on the other hand is the
highest (i.e. 42% and 36%) compared to the mean analysis (i.e. 40% and 26%) for the
two materials respectively. The increase is due to the fact that numerical optimization
model was able to determine and obtain the best combinations of the design parameters
which could not be easily obtained through physical experimental methods. Thus, it is
plausible from the results that, the optimization model could provide a comprehensive

list of design variables for obtaining better mechanical properties.

The optimization model has also provided additional advantages over the experimental
analysis. The optimization results have given the specific range of values of other design
parameters such as alignment and interphase properties. From the results (tables 4.1
and 4.2), it could be noted that the aligned nanofillers with the orientation factor, n =1
have shown improved nanocomposite properties including to the interphase properties
such as the interphase modulus F; and the interfacial shear strength 7. Experimentally,

the predicted interphase properties could be achieved by functionalization of nanofillers.

Similar trends could also be seen for other composite pairs. This proves that the
proposed optimization model could be used for obtaining the combination of design
variables that could tailor the nanocomposites’ properties for the required applications.
The optimized results were also used to understand the effect of the individual design
variables on the normalized elastic and tensile strength of the selected nanocomposites
pairs. The effects of the design variables are presented and described in section 4.2

respectively.
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Figure 4.1: Optimum normalized elastic modulus of MOO model vs. normalized elastic

modulus (Fg) of the experimental data.
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4.1.1 Variation of Overall Optimization Results

This section briefly discusses the variation of the overall results for both mean and
median statistical analyses of data approaches (i.e. the degree of scattering of the data
from the expected point of measure). The measure of variation of the mean is given by
the standard deviation whereas that on the median is given by the box and whiskers
plot (see the Appendix A for the definitions and brief description of the two measures

of variation).

The section only shows the standard deviations of the objectives (i.e. the normalized
elastic modulus and the tensile strength). The standard deviations of the design vari-
ables are given in Table A.1 in Appendix A. Table 4.5 shows the standard deviations
of the normalized elastic modulus and tensile strength. From the table it can be seen
that the standard deviations of Nylon-MMT and Pa-CaCOg are high for both mechan-
ical properties. This means that the data for the two materials have a higher variation
from the mean as compared to that of SBR-MWCNT and iPP-MWCNT respectively.

Table 4.5: Standard deviations of the normalized elastic modulus and the tensile

strength.

Nanocomposite | Er | ogr
Nylon-MMT | 0.69 | 0.07
Pa-CaCOs; 0.58 | 0.03
SBR-MWCNT | 0.30 | 0.02
iPP-MWCNT | 0.38 | 0.02

Figures 4.3 and 4.4 show the box and whiskers diagram for the normalized elastic
modulus and the tensile strength of the sampled nanocomposite materials. From Fig-
ure 4.3, Nylon-MMT and Pa-CaCQOg, the box and whiskers plots show that there is
more variation (or scattering) of data as compared to that of SBR-MWCNT and iPP-
MWCNT. These are indicated by the wide boxes and long whiskers of Nylon-MMT and
Pa-CaCO3 in comparison to those of the other nanocomposites. The plots also show
that the median values of SBR-MWCNT and iPP-MWCNT are similar and higher
than those of Nylon-MMT and Pa-CaCQOj;.
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Furthermore, Nylon-MMT and Pa-CaCOj plots of the elastic modulus also exhibit
skewness to right. This means that the values are clustering below the median and the
scattering of the data is observed above the median. SBR-MWCNT and iPP-MWCNT
on the other hand show skewness to the left. It should also be noted from the plots
that SBR-MWCNT and iPP-MWCNT have the same median.

3.50 ~

3.00 -

2.50 - 1

2.00 - [

1.50 - 1

1.00 -

Normalized Elastic Modulus

0.50 -

0.00 -
Nylon-MMT  Pa-CaCO3 SBR-MWCNT iPP-MWCNT

Figure 4.3: Box and whisker plot for the normalized elastic modulus

Figure 4.4 shows the variation of the overall normalized tensile strength for sampled
nanocomposites. The figure shows that the variation of the results for the normalized
tensile strength follows those of the elastic modulus. From the figure, it can also be
seen that the median values of Pa-CaCQOs, SBR-MWCNT and iPP-MWCNT are the
same (see also Table 4.2). Nylon-MMT on the other hand had a slightly lower median

value of the normalized tensile strength.
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Figure 4.4: Box and whisker plot for the normalized tensile strength

The measures of variation for both the mean and median analyses shows that the
overall data has similar variation trends. Thus, the data for Nylon-MMT and that of
Pa-CaCO3 shows a higher degree of sparsity as compared to that of SBR-MWCNT and
iPP-MWCNT. It is worth noting that the modulus of MWCNTs is very high compared
to that of MMT and CaCOj3 and this might be the reason the optimization results
of both SBR-MWCNT and iPP-MWCNT clusters around the mean and the median.

However, more research is still required to prove this to be the case or not.

4.2 Effects of the design variables on the mechanical

properties

In this section, the effects of the design variables on the elastic modulus and the tensile
strength are investigated and discussed. It is worth noting that due to the nature of
numerical optimization techniques, the MOO model also simultaneously optimizes the
given objectives. Thus, all the optimum values of the design variables are computed
simultaneously during the process of optimization whereby the ’desired’ (or maximum)

mechanical properties are obtained.
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The investigation of the individual effects of the design variables is done to compare
the obtained optimum values with some of the values from previous studies. Further-
more, the investigation is also done to establish and characterize the behavior of the

mechanical properties with respect to the given design variables.

4.2.1 Effects of nanofiller loading on the mechanical properties

i). Nanofiller loading on the elastic modulus

Figures 4.5 to 4.8 show the normalized elastic modulus (Eg) to the nanofiller load-
ing (f) of the four combinations of polymer nanocomposites. The mean normalized
elastic modulus, (Mean Eg) is also indicated in the figures. It could be seen from the
figures that the normalized elastic modulus of the optimization model is within range
of the experimental data and thus proving that the optimization model is sufficiently
accurate in predicting the optimized mechanical properties of polymer nanocompos-
ites. The experimental data shows that the elastic modulus linearly increases with
increasing nanofiller loading. However, the optimization results on the other hand,
show a clustered or scattered behavior as mentioned before, but are still within the

experimental data range.

Figure 4.5 shows the normalized elastic modulus to the nanofiller loading of Nylon-
MMT nanocomposite. From the figure it can be seen that about 66.7% of the optim-
ization data is lower than the experimental data. However, the Mean E is still higher
than the highest experimental normalized elastic modulus. Figure 4.9 shows the box
and whisker plot (i.e. median analysis) for the nanofillers loading. From the figure it
can be observed that Nylon-MMT has a wide box but short whiskers. This means that
the nanofillers loading have more variation from the median (i.e. 3.21 wt.%). The short
whiskers however, indicate that the data does not have many outliers. In addition, the
figure shows that the results of MMT loading are skewed to the left i.e. the loadings

above the median exhibit some level of clustering.
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Figure 4.5: Normalized elastic modulus (Eg) vs. nanofiller loading () for Nylon-
MMT.

Figure 4.6 shows the normalized elastic modulus to the nanofiller loading of Pa-CaCO3.
The figure shows that about 83.3% of the optimization data is higher than the experi-
mental data. The figure also shows that the Mean E is higher than all the experimental
data. In addition, from Figure 4.9, it can be seen that the results of CaCOj3 loading
has a very short box with long whiskers. Thus, the results are clustering around the
median (i.e. 4.52 wt.%). The long whiskers on the plot suggest that the results have
some outliers which can be ignored when analyzing the data. In this instance the out-
lier is at CaCOg3 loading of 1.1 wt.% with the normalized elastic modulus of about 3

respectively (see Figure 4.6).

Figure 4.7 shows the normalized elastic modulus to the nanofiller loading of SBR-
MWCNT nanocomposite. The figure shows that the optimization data at any given
MWCNTs loading is higher than those of the experimental data. The median analysis
of the MWCNTs loading within SBR shown in Figure 4.9 shows that the optimization
data clusters around the median (i.e. at 4.69 wt.%). This is indicated by the short
box of the nanocomposite data. The presence of the long whiskers on the box however,
indicates that the data has outliers. From Figure 4.7 it can be observed that the outlier
point is at about 2.45 wt.% MWCNTs loading and 1.4 normalized elastic modulus.
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Figure 4.6: Normalized elastic modulus (Eg) vs. nanofiller loading () for Pa-CaCO3.
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Figure 4.7: Normalized elastic modulus (Eg) vs. nanofiller loading (#¢) for SBR-
MWCNTs.
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Figure 4.8 shows the normalized elastic modulus to the nanofiller loading of iPP-
MWCNTs. Just like that of SBR-MWCNTs, the figure shows that the optimization
data at any given MWCN'Ts loading is higher than the experimental data. The median
analysis of iPP-MWCNTs data given in the Figure 4.9 shows that the optimization data
has a relatively high level of variation below the median (4.53 wt%). Furthermore, the
data shows skewness to the left and the box is very wide with relatively long lower
whisker. Thus, suggesting that there are outliers in the data. From Figure 4.8 it can
be seen that the data outliers lie at MWCNTS loading of 1 wt.% and the normalized

elastic modulus of about 1.1 respectively.
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Figure 4.8: Normalized elastic modulus (Er) vs. nanofiller loading () for iPP-
MWCNTs.
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Figure 4.9: Box and whisker plot for nanofillers loading

ii). Nanofiller loading on tensile strength

Figures 4.10 to 4.13 show the relationship between normalized tensile strength (og)
with the nanofiller loading (6y) of both the optimization model and the experimental
results. The mean normalized tensile strength is also indicated in the figures. It
could be observed from the figures that the normalized tensile strength results from
the optimization model generally out-perform the experimental results from literature.
From the figures, it can be seen that the normalized tensile strength, og is in the
range of 0.8 to 0.95 for Nylon-MMT, whereas for Pa-CaCO3, SBR-MWCNT and iPP-
MWCOCNT are between 0.9 and 0.99.

Figure 4.10 shows the normalized tensile strength to the nanofiller loading of Nylon-
MMT. The figure shows that the optimization results have some outliers with a lot of
variation. However, about 67% of the optimization data is higher than the experimental
data used for comparison. The highest value of the experimental data is 0.935 at MMT
loading of 5 wt.%.
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The optimization model results yielded the normalized mean and median tensile strengths
of 0.92 and 0.93 at the MMT loadings of 2.95 wt.% and 3.21 wt.% respectively. The
normalized mean tensile strength (Mean og) is only 1.6% less than the highest point
on the experimental data whereas the median was determined to be about 0.5% less.
Even though the optimization model for the tensile strength yielded lower results than
the experimental results, it should be noted that the percentage difference is small
and thus both the results from the physical experiment and the optimization model
can be regarded to be very similar. In addition and as mentioned before, the mean
analysis is known to be more affected by outliers than the median. Therefore, a truer

representation of the optimization results would be that of the median analysis.
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Figure 4.10: Normalized tensile strength (cg) vs. nanofiller loading (ff) for Nylon-
MMT.

Figure 4.11 shows the normalized tensile strength to the nanofiller of Pa-CaCOg3 nano-
composite. From the Figure it can be seen that about 67% of the optimization results
are higher than the experimental results obtained from literature. However, unlike the
optimization results of Nylon-MMT, the results exhibit clustering. The value of the
normalized mean tensile strength together with the median are higher than the highest
value of the experimental results. The highest value for the normalized tensile strength
of the experimental results is 0.94 at CaCO3 loading of 3 wt.%. The normalized mean
and median tensile strengths from the optimization model results were determined to
be 0.96 and 0.97 at the CaCOj3 loadings of 4 wt.% and 4.52 wt.% respectively.
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Figure 4.12 shows the normalized tensile strength to the nanofiller of SBR-MWCNTs
nanocomposite. The figure illustrates that about 83% of the obtained optimization
data is higher than the experimental results. Both the normalized mean and median
tensile strengths are higher than the experimental results. The highest value for the
normalized tensile strength of the experimental results is 0.95 at MWCNT loading of 3
wt.%. The optimization model had the normalized mean and median tensile strengths
of 0.97 at MWCNTS loadings of 4.29 wt.% and 4.69 wt.% respectively.
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Figure 4.11: Normalized tensile strength (o) vs. nanofiller loading (6;) for Pa-CaCOs.
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Figure 4.12: Normalized tensile strength (og) vs. nanofiller loading (fy) for SBR-
MWCNTs.
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Figure 4.13 shows the normalized tensile strength to the nanofiller of iPP-MWCNTs
nanocomposite. From the figure, it can be seen that 100% of the optimization data
is higher than the experimental results from literature. The highest value for the nor-
malized tensile strength of the experimental results is about 0.88 at 2.1 wt.% MWCNT
loading. The normalized mean tensile strength is 0.97 at 3.47 wt.% MWCNT loading,
whereas that of the median analysis is also 0.97 at the MWCNT loading of 4.53 wt.%

respectively.
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Figure 4.13: Normalized tensile strength (op) vs. nanofiller loading (6y) for iPP-
MWCNTs.

Zare et al. [98] found that the normalized tensile strength does not exceed 1 for
polymer nanocomposites with nanofiller loadings of 5 wt.% and below. In addition,
their investigation also concluded that the optimum values of the nanofiller loading
and the thickness of nanofillers for obtaining the maximum tensile strength of polymer
nanocomposites are 4 wt.% and 10 nm respectively. From Figures 4.10 to 4.13 it
could be established that the optimization results analysis (thus either the mean and
the median) for the tensile strength sampled nanocomposites are within the range of
0.92 and 0.97. The range of the highest values of the experimental results is 0.88 and
0.95. This shows an improvement of the tensile strength property of nanocomposites
and therefore proving that the optimization model could be essential in the design of

nanocomposite materials.
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4.2.2 Effects of interphase properties

This section presents and discusses the effects of the interphase properties (i.e. in-
terphase elastic modulus (E;), interphase thickness (¢;) and interfacial shear strength
(7) on both the elastic modulus and the tensile strength of polymer nanocomposites).
It is worth noting that the interphase thickness is the only design variable that is com-
mon in the two objectives of the current study. The interphase elastic modulus can
only influence the elastic modulus of the nanocomposite whereas, the interfacial shear
strength can only influence the tensile strength (see Figure 3.4). Thus, this section
will be subdivided into; (i) the effects of the thickness of the interphase on both elastic
modulus and tensile strength, (ii) effects of interphase elastic modulus on the nano-
composite elastic modulus and (iii) lastly, effects of the interfacial shear strength on

the tensile strength of nanocomposites.
i). Effects of interphase thickness on elastic modulus and tensile strength

Figures 4.14 to 4.17 show the effect of interphase thickness on the normalized elastic
modulus and Figures 4.18 to 4.21 show the effect of the interphase thickness on the nor-
malized tensile strength. Figure 4.22 shows the box and whisker plot for the thickness
of the interphase. From the figures it can be observed that the optimum mean in-
terphase thickness that could produce improved properties for Nylon-MMT is 4.07 nm,
for Pa-CaCOs is 2.78 nm and for SBR-MWCNTs and iPP-MWCNTs is 2.17 nm and
2.32 nm respectively. From the median analysis, it can be seen from Figure 4.22 that
the optimum interphase thickness that could produce improved mechanical properties
for the sampled nanocomposites are 2.96 nm for Nylon-MMT, 2.24 nm for Pa-CaCQOs,
2.12 nm for SBR-MWCNTs and 2.31 nm for iPP-MWCNTs respectively.
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Figure 4.22 also illustrates that the interphase thickness data of Nylon-MMT has a lot
of variation and possible outliers. The values of the interphase thicknesses are skewed
to the right (i.e. the variation of the data is above the median). From the same figure,
it can be observed that the optimization values of the thickness of interphase for Pa-
CaCO3 shows some level of clustering. The plot has a long whisker on the upper side
of the box and thus indicating the presence of outliers. Just like Nylon-MMT data
distribution, the distribution of Pa-CaCOQOj also exhibit skewness to the right.

The interphase thickness data of SBR-MWCNTs and iPP-MWCNTs shows a high level
of clustering and absence of outliers. Furthermore, the plot also shows that there is
symmetrical distribution of data around the median values. From the analysis of the
obtained optimum values of the interphase thickness, it follows that the nanocomposites
that are reinforced with carbon nanotubes shows clustering of results as desired and
those reinforced with other materials have a relatively high level of variation. Thus,

further research should be done to verify this to be the case or not.
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Figure 4.14: Effect of interphase thickness on the normalized elastic modulus for Nylon-

MMT.
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Figure 4.16: Effect of interphase thickness on the normalized elastic modulus for SBR-

MWCNTs.
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Figure 4.17: Effect of interphase thickness on the normalized elastic modulus for iPP-
MWCNTs.

The comparison of the effects of thickness of interphase on the elastic modulus against
that of the tensile strength shows that the design variable has inverse effects on the two
properties. (i.e Figures 4.14 to 4.17, the elastic modulus is generally increasing with an
increasing interphase thickness whereas the inverse effect is seen on Figures 4.18 to 4.21
for the tensile strength). For example, the normalized elastic modulus of Pa-CaCOs is
about 1.5 with the corresponding interphase thickness of about 1.7 nm and 2.5 with
the interphase thickness of about 5.2 nm respectively. For the same material and the
same interphase thicknesses, the normalized tensile strength was computed to be 0.98

and 0.9 respectively.
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Figure 4.18: Effect of interphase thickness on the normalized tensile strength for Nylon-
MMT.
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Figure 4.19: Effect of interphase thickness on the normalized tensile strength for Pa-
CaCOs.
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Figure 4.20: Effect of interphase thickness on the normalized tensile strength for SBR-
MWCNTs.
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Figure 4.21: Effect of interphase thickness on the normalized tensile strength for iPP-
MWCNTs.
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Figure 4.22: Box and whisker plot for thickness of the interphase

Zare et al. [101] on their investigation of the effects of interphase on the tensile strength
of polymer nanocomposites have shown that the values of interphase thickness (¢;) were
in the range of 2.38 to 13.6 nm for their sampled nanocomposites. In another study,
Zare et al. [100] investigated the interphase elastic modulus and the tensile strength
of polymer nanocomposites and found that the values of the interphase thickness were
between 5.7 and 12.5 nm.

For the current optimization model, the smallest and highest interphase thickness were
found to be 1.5 and 7.5 nm respectively. The ranges of the optimum interphase thick-
ness from both mean and median analysis were determined to be 4.07 - 2.78 nm and
2.96 - 2.31 nm respectively. This shows the predictions of optimized model are still
within the accepted region. It is worth noting that the interphase thickness from Zare
et al. [101] were obtained through fitting experimental tensile strength data. The
optimization model on the other hand directly determined the values of the design
variables. This therefore further shows another advantage that the model possess with

regard to the design and development of nanocomposites in general.

87



ii). Effects of interphase elastic modulus on the nanocomposite elastic mod-

ulus

This subsection discusses the effects of the interphase elastic modulus on the elastic
modulus. Figures 4.23 to 4.26 show the effect of the interphase modulus on the nor-
malized elastic modulus of the selected nanocomposite pairs. Figure 4.27 shows the
box and whisker plot for the interphase modulus. The mean interphase modulus for
obtaining an optimum tensile strength of the selected nanocomposite pairs are 19.72
GPa for Nylon-MMT, 31.28 GPa for Pa-CaCQO3, 600.88 GPa for SBR-MWCNTs and
512.47 GPa for iPP-MWCNTs respectively. The median analysis on the other hand
yielded optimum values of 19.87 GPa for Nylon-MMT, 31.31 GPa for Pa-CaCO3, 551.04
GPa for SBR-MWCNTs and 539.39 GPa for iPP-MWCNTs. The median analysis gave
higher values of the interphase modulus compared to those of the mean analysis for all

sampled nanocomposites except for SBR-MWCNTs.

From Figure 4.27 it can be seen that the optimum values of the interphase modulus for
Nylon-MMT cluster around the median. For the other nanocomposites, the box plots
are wider therefore suggesting that the optimum values have more variation from the
median. The Figure also shows that interphase modulus values of Nylon-MMT and Pa-
CaCOj3 exhibit a symmetrical distribution of data whereas that of SBR-MWCNT and
iPP-MWCNT shows distributions skewed to the right and skewed to the left respect-
ively. In addition, the plots of SBR-MWCNTs and iPP-MWCNTs nanocomposites
have relatively long whiskers compared to those of Pa-CaCO3 and Nylon-MMT. This
therefore shows that the optimum interphase modulus values for those materials have
outliers. It could also be seen from the plots that the median values of the nanocom-

posites reinforced with MWCN'Ts are similar.
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Figure 4.23: Effect of interphase modulus on the normalized elastic modulus for Nylon-
MMT.
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Figure 4.24: Effect of interphase modulus on the normalized elastic modulus for Pa-
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Figure 4.25: Effect of interphase modulus on the normalized elastic modulus for SBR-
MWCNTs.
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Figure 4.26: Effect of interphase modulus on the normalized elastic modulus for iPP-
MWCNTs.
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Figure 4.27: Box and whisker plot for the elastic modulus of the interphase

From the mean analysis the interphase modulus was determined to be at least 6 times
the modulus of the matrix for Nylon-MMT, 60 times for Pa-CaCOs5, 300 times for SBR-
MWCNT and 320 times for iPP-MWCNT. From the median analysis, the interphase
modulus was found to be about 6 times that of Nylon for Nylon-MMT nanocomposite,
for Pa-CaCOj the interphase modulus was calculated to be 61 times that of Polyamide,
and for SBR-MWCNT and iPP-MWCNT, the interphase modulus was determined
to be about 275 and 337 times that of the respective matrices. Zare et al. [100]
found that the smallest interphase modulus for their sampled nanocomposites were at
least 10 times that of the matrix. Therefore, this clearly shows that, the numerical
optimization model of the current study was able to improve the properties of the

sampled nanocomposite materials.
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It could further be seen that the MWCNTs composites have higher interphase modulus
and thus provide improved properties. This therefore indicates the important role of
the reinforcing agents on the overall properties of the nanocomposites. In addition, it
also showed the reason MWCN'Ts are mainly preferred in nanocomposites design as

reinforcements for many structural applications.

It is also worth mentioning that the this ratio of the modulus of the interphase to the
matrix is implicitly given within Ji model that was used as the first objective function
(see Equation 3.5). The ratio describes a linear change of the modulus from the matrix
to the surface of the nanofiller reinforcement. In previous investigations where Ji model
was applied, the given ratio was usually determined through curve fitting [96, 100,
94]. Thus, until now a model that computes and determine the interphase modulus
through Ji model was not in existence. This further cements the advantages that the

optimization model brings in the design of polymer based nanocomposite materials.

Figures 4.28 and 4.29 shows the comparison of the elastic moduli (GPa) of the different
constituents of the sampled polymer nanocomposites for both mean and median ana-
lysis. This was done so as to compare and contrast the values of the elastic modulus of
the sampled nanocomposite materials. From both figures it can be seen that modulus
of the interphase is much closer to the modulus of the nanofiller (reinforcement) than

that of the matrix.

Figure 4.30 illustrates the percentage difference between the elastic modulus of the
nanofillers and that of the interphase. It is worth noting from Figure 4.30 that the
difference in percentage between the interphase modulus and the nanofiller is less for
nanocomposites with lower elastic modulus of the reinforcing material (i.e. MMT and
CaCOj3) whereas those reinforced with nanofillers that have high elastic modulus (MW-
CNTs) have a higher percentage difference. Even though that is the case, the overall
interphase modulus properties for the materials with MWCN'Ts as reinforcements are

higher compared to the other sampled materials.
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iii). Effects of the interfacial shear strength on the tensile strength

Figures 4.31 to 4.34 show the effect of interfacial shear strength (7) on the normalized
tensile strength (og). Figure 4.35 shows the box and whiskers plot for the interfacial
shear stress. The optimum mean 7 of the sampled nanocomposites were determined
to be 50.69 MPa for Nylon-MMT, 51.16 MPa for Pa-CaCOs3, 50.12 MPa for SBR-
MWCNTs and 51.32 MPa for iPP-MWCNTs. The median optimum values of the
interfacial shear stress were computed to be 51.92 MPa for Nylon-MMT, 51.97 MPa
for Pa-CaCOgs, 50.36 MPa for SBR-MWCNTs and 51.92 MPa for iPP-MWCNTs re-
spectively. The comparison of the optimum interfacial shear stress values shows that
the results obtained through median analysis are relatively higher compared to those

that were obtained from the mean analysis.
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From Figure 4.35, it can be observed that SBR-MWCNT has the wide box plot, followed
by that of Nylon-MMT and Pa-CaCOs3. iPP-MWCNT on the other hand has the
smallest box plot compared to the all the other sampled nanocomposites. This means
that the optimum interfacial shear stress values of iPP-MWCN'Ts clusters around the
median as compared to the other nanocomposites. It should be noted that the median
of iPP-MWCNT plot coincides with the upper quartile and thus the data is more
clustered above the median. The optimum values of SBR-MWCNT have more variation
compared to those of Nylon-MMT and Pa-CaCOQOj respectively. The median values of
Nylon-MMT and Pa-CaCOsj; also coincides with the upper quartile just like that of
iPP-MWCNTs. In addition, the plots of Nylon-MMT, Pa-CaCO3 and iPP-MWCNTs
exhibit skewness to the right whereas that of SBR-MWCNTSs is symmetrical. All the
plots have relatively long whiskers below the median values therefore indicating the

presence of outliers in the data.

It could be seen from Figures 4.31 to 4.34 that the interfacial shear strength was optim-
ized to within approximately 95% of the upper limit constraint (i.e. 52 MPa) imposed
on the optimization model for all sampled nanocomposites. Equation 3.15 (the second
objective function equation), shows that 7 together with the polymer matrix strength
plays a significant role in determining the overall tensile strength of polymer nano-
composites. Thus, it could be concluded that the large values of 7 suggests strong
interphase regions and therefore can prevent nanocomposites from failing through de-
bonding during loading. Consequently, this also implies that smaller values of the
interfacial shear strength would mean that the interactions between the nanofillers and

the polymer matrix are weak.

The overall analysis of the interfacial shear strength analysis suggests that the optimiz-
ation model could be influenced by constraints that are imposed on the different design
variables. It follows therefore, that, it is very important for nanocomposite materials
designers to have a clear understanding of the impacts that the different design vari-
ables may have on the entire model. This can be done through sensitivity analysis of
those variables on the objective functions of the optimization model (i.e. the extent to

which each of the design variable affect the objective function).
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Figure 4.31: Effect of interfacial shear strength on the normalized tensile strength for
Nylon-MMT.
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Figure 4.32: Effect of interfacial shear strength on the normalized tensile strength for
Pa-CaCOs.
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Figure 4.33: Effect of interfacial shear strength on the normalized tensile strength for
SBR-MWCNTs.
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Figure 4.34: Effect of interfacial shear strength on the normalized tensile strength for

iPP-MWCNTs.
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4.2.3 Effects of dispersion on the tensile strength

To the author’s knowledge, there is currently no known direct theoretical models that
could be used to quantify and understand the effects of dispersion on the mechanical
properties of nanocomposite materials. Hence, for the current analysis, parameter B
which was obtained by combining the normalized tensile strength, or or the second
objective function, f, (see Equation 3.15) and the Pukanszky model (Zare et al. [101])

was used for such purpose.

Figures 4.36 to 4.39 show the effects of dispersion on the normalized tensile strength.
Figure 4.40 shows the box and whisker plot for parameter B. From Figures 4.36 to 4.39
it can be observed that the range of optimum parameter B values for the sampled
nanocomposites are 2.8 - 2.85 for Pa-CaCOg, 3.1 - 3.2 for Nylon-MMT, 4.4 - 4.6 for
SBR-MWCNTs and 3.25 - 3.35 for iPP-MWCNTs respectively. The mean B values
are 3.14 for Nylon-MMT, 2.83 for Pa-CaCOg3, 4.5 for SBR-MWCNTs and 3.33 for
iPP-MWCNTs respectively. The median B values were determined to be 3.16 for
Nylon-MMT, 2.84 for Pa-CaCQOg, 4.55 for SBR-MWCN'Ts and 3.34 for iPP-MWCNTs
(see Table A.16 in the Appendix). Figure 4.40 shows that the optimum values of B

clusters around the median (i.e. the boxes are very short and indicate symmetrical
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distributions). In addition, it can be observed that both analysis yield results which

are almost the same.

Zare et al. |96] reported that the optimum value for parameter B (i.e. good dispersion
of nanofillers within the matrix) is about 3.37. In a different study, Zare [116] found
that the values of B less than 2.4 yields undesirable interphase properties. Thus, it is
necessary for the values of parameter B to be greater than 2.4 in order to obtain op-
timum overall tensile properties of polymer nanocomposites. Another investigation by
Lazzeri and Phuong [121] also reported that parameter B has a minimum critical value
of about 3. Conclusively, the optimum values of the parameter B are comparable with
those in the literature and therefore, this again shows that the proposed optimization
model is accurate enough in predicting and optimizing the mechanical properties of

nanocomposites.
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Figure 4.36: Effect of interfacial shear strength on the normalized tensile strength for
Nylon-MMT.
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Figure 4.38: Effect of interfacial shear strength on the normalized tensile strength for
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Figure 4.39: Effect of interfacial shear strength on the normalized tensile strength for
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Figure 4.40: Box and whisker plot for the parameter B
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It is worth noting that the dispersion parameter in the current study has no relations to
the elastic modulus as the property is not included in the formulation of the Pukanszky
model. However, even though that is the case, it is deemed necessary for nanocomposite
materials designers to find alternative ways and develop models that can determine the
effect of dispersion on the mechanical properties. This is of significant importance due
to the fact that dispersion is regarded as one of the most important design parameters

in nanocomposite materials.
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Chapter 5 Conclusions and

Recommendations

5.1 Conclusions

In the present study, a multi-objective optimization (MOO) model was developed to
simultaneously maximize the elastic modulus and the tensile strength of polymer nano-
composites. For this purpose, four major factors (i.e. interphase and interfacial adhe-
sion, nanofillers loading, dispersion and alignment) that influence the mechanical prop-
erties of nanocomposites were studied. Using these factors, a nanocomposite design
problem was established and then converted into a mathematical problem for optim-

1zation.

The objective functions of the optimization model were based on Ji model and Zare
model for determining the elastic modulus and the tensile strength of polymer based
nanocomposites respectively. The design parameters for optimizing the mechanical
properties of polymer nanocomposites were identified as (i) thickness of the nano-
fillers, (ii) thickness of the interphase, (iii) nanofillers loading, (iv) modulus of the
interphase, (v) interfacial shear stress and (vi) nanofillers orientation factor. The Fast
Non-dominated Sorting Genetic Algorithm (NSGA-II) was then implemented in MAT-

LAB to solve for the given nanocomposite material design problem.
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The proposed optimization model was able to successfully find the optimum solutions
of the design parameters. The results were analyzed by using the mean and median
descriptive statistical analysis of data. The difference in results from the two methods
of analysis were not significantly large and therefore, it can be concluded that both
approaches yield approximately the same results. However, it should be noted that
unlike the mean approach, the median analysis is said to be unaffected by the outliers.
Hence, it is deemed to be more reliable in comparison with regard to descriptive stat-
istical analysis of data. Given the fact that some of the results from the optimization
model contained outliers, the results obtained through the median analysis are thus

taken to be a truer reflection of the model solutions.

The overall optimization results from both approaches were found to be in good agree-
ment with the experimental results from literature. The optimized results for the
normalized elastic modulus were found to be higher than the experimental results.
The optimum values of the normalized tensile strength were also found to be high
compared to the experimental results. Furthermore, the optimum results of the nor-
malized elastic modulus and the normalized tensile strength were found to be in the
ranges between 1.54 - 1.85 and 0.9 - 1 for the two mechanical properties of the sampled

polymer nanocomposites respectively.

It was expected that the optimization model would perform better than the experi-
mental results since the maximization of the design parameters means obtaining the
'best” solutions and combinations that will yield better mechanical properties. Overall,
the developed optimization model was found to be significantly accurate in finding the
mechanical properties of nanocomposites. From the optimization model the optimum
values of the design parameters for obtaining the best mechanical properties of the

selected nanocomposites are proposed to be as follows:

(i) Nanofillers loading should be between 2.95 and 4.69 wt.%.
(ii) The thickness of the interphase ranges between 2.12 and 2.96 nm.
(iii) Nanofillers dimeter should be between 5.41 and 7.01 nm.

(iv) The orientation factor for fully aligned nanofillers is 1.
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It was further discovered that the elastic modulus of the interphase is directly pro-
portional to that of the nanofillers. Thus, nanofillers with high modulus of elasticity
yielded nanocomposites with a relatively high elastic interphase modulus. This further
outlined the reason nanofillers such as carbon nanotubes (CNTs) are usually preferred
as reinforcements in many structural applications of composite materials. The tensile
strength on polymer nanocomposites was found to be highly influenced by the interfa-

cial shear strength.

It should be noted that this design parameter was optimized to within at least 95 % of
the imposed optimization constraint. This suggests that great care must be given to
the interfacial shear strength when modeling the tensile properties of polymer nano-
composites. In addition, the optimum tensile strength results were used to determine
the dispersion parameter of nanofillers within the polymer matrix. The optimum val-
ues of the dispersion parameter were found to be within the acceptable range when
compared to literature. The optimum values of dispersion parameter were determined

to be between the ranges 3 and 4.6.

The current study has shown that numerical multi-objective optimization methods
could be used to design and improve the mechanical properties of polymer based nano-
composite materials for broad structural applications. With this model, the best com-
binations of solutions for the major factors that affect the mechanical properties of
nanocomposites can be obtained with relative ease. Thus, the optimization model has
shown that it could be advantageous during the preliminary design stages in terms
of time saving compared to conducting of physical experiments which are very time

consuming in their nature.

105



5.2 Recommendations

In order to ensure that the proposed approach is robustly developed as a tool for
preliminary design of nanocomposite materials, the following additional work is recom-

mended:

(i) Research into ways of directly quantifying dispersion of nanofillers within polymer
matrix. This will enable one to be able to identify optimum parameters that will
ensure uniform dispersion as it was found to be one of the major factors affecting

the mechanical properties.

(ii) Perform physical experiments using the suggested values of the design parameters

to further verify and validate the optimization model.

(iii) Use other numerical optimization approaches and compare the findings with the

results obtained from the current study.

(iv) Perform sensitivity analysis to determine the design parameters that have a higher

influence on the optimization model.

In addition, it is worth noting that while the work here represents progress towards
the design of nanocomposites materials, more research is still required to further un-
derstand the fundamental principles on mechanical reinforcement in polymer based

nanocomposites.
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Appendix A Nanocomposite Design

Optimization

A.1 MATLAB Setup

A.1.1 Objective Function

Figure A.1 shows the m-file script of the two objective functions of the MOO problem.

@) This file can be published to a formatted document. For more information, see the publishing video or help. X
1 function y = objectivefunction (x) T-D
3 3
4 3
5 %
€ %

7 %
9 %% Elastic modulus

1= mat_mod = input (Ef); GPa
1= fil mod = input (Em); GPa
17)= k = £fil mod/mat_mod;

3] v(1) = —((1 - sgre((((2*x(1)/x(2))+1)"3)*x(3)))...

14 +(sagret ((((2*x(1)/x(2))+1)"3)*x(3))-sqgrt(x(3)))...

15 /((1-sare ((((2*x(1)/x(2))+1)"3)*x(3)))...

16 +((sgre((((2*x(1)/x(2))+1)"3)*x(3)) * ((x(4)/mat_mod)-1))/log((x(4)/mat_mod))))...

17 + sqgre(x(3))/ ((1-sgre ((((2*x(1)/x(2))+1)"3)*x(3)))+((sqare((((2*x(1)/x(2))+1)...

18 ~3)*x(3))-sgrc(x(3)))*( (x(‘})/mat_mod)-l)/:)+sqrt(x(3) Y*k))~-1;

19

20 %% Tensile Strength

2 $ x(5) : Shear stress [1-52]

22 $ x(6) : Orientation Factor [0.2 - 1]

23 = r = x(2)/2; %$Raduis of filler

24 = matrix sigma = input (matrix strength); % Material matrix tensile strength [MPa]

251 = v(2) = —((x(6)*x(5)* (1+x(1)/x)*x(3))/matrix sigma + (1-((1+x(1)/r)"2)*x(3))):

26

20 end

(5]
[

Figure A.1: MATLAB m-file script for the objective function
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A.1.2 Optimization Toolbox

Figure A.2 shows the problem setup in the optimization toolbox.

Problem Setup and Results
Solver: | gamultiobj - Multiobjective optimization using Genetic Algorithm v |
Problem
Fitness function: | @objectivefunction.m I
Number of variables: |6 |
Constraints:
Linear inequalities: A ' | b: [ |
Linear equalities: Aeq: | | beq: l |
Bounds: Lower: ’[1e—9; 1e-9,0.01; 1; 1; 0.2] | Upper: ’[10e-9; 10e-9; 0.05; Ef;1]| |
Nonlinear constraint function: [ I
Run solver and view results
Use random states from previous run
= | T
Current iteration: | ’ ‘ Clear Results

AV

Final point:

-

Figure A.2: Problem setup
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Figure A.3 shows part 1 of the ’options’ window in the optimization toolbox.

Options

I [=l Population

Population type: I Double vector

Population size: (O Use default: 50 for five or fewer variables, otherwise 200

@ Specify: 200

Creation function: | Constraint dependent

Initial population: (®) Use default: []

O Specify: I

Initial scores: (® Use default: []

O Specify: I

Initial range: (® Use default: [-10;10]

O Specify: I

| [ Selection

Selection function: | Tournament

Tournament size: (@) Use default: 2

O Specify: I

I [=] Reproduction

Crossover fraction: (O Use default: 0.8

@ Specify: 055

| B Mutation

Mutation function: | Constraint dependent

l [=] Crossover

Crossover function: I Intermediate

Ratio: (O Use default: 1.0

Figure A.3: 'Options’ part 1
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Figure A.4 shows part 2 of the ’options’ window in the optimization toolbox.

| [=] Multiobjective problem settings

Distance measure function: (® Use default: @distancecrowding

O Specify: ‘

Pareto front population fraction: @) Use default: 0.35

O Specify: l

| [ Hybrid function

| [=] Stopping criteria

Generations: (O Use default: 100*numberOfVariables

@ Specify: 3500

Time limit: (® Use default: Inf

O Specify: ‘

Fitness limit: (® Use default: -Inf

O Specify: I

Stall generations: (®) Use default: 100

O Specify: ‘

Stall time limit: (® Use default: Inf

O Specify: l

Function tolerance: (O Use default: 1e-4

® Specify: ‘ 1e-5

Constraint tolerance: (O Use default: 1e-3

® Specify: | 1e-5

| [= Plot functions

Plot interval: ’ 1

[] pistance [] Genealogy [ Score diversity
[] Selection [] Stopping [ Pareto front

[[] Average Pareto distance [] Rank histogram  [] Average Pareto spread

[] Custom function: l

l QOutput function

| [=] Display to command window

Level of display: Iiterative

l [= User function evaluation

Evaluate fitness functions: | in serial

Figure A.4: 'Options’ part 2
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A.2 Descriptive Statistical Analysis of Data

Descriptive statistics includes the use of graphs, charts, and tables, and the calcula-
tion of measures of central tendency which include averages (mean), median, mode
and measures of variation (i.e. range, percentiles, quartiles, deviations and etc.). The
aim of statistical analysis is to gain and understanding from data. Figure A.5 shows
the steps followed for any statistics analysis of data [122]. For data that is distrib-
uted symmetrically, the mean, median and mode can be used almost interchangeably.
However, in statistics, it follows that the mean is basically the center of gravity of the
distribution, the median divides the area of data distribution into two equal parts and

the mode on the other hand represent the highest point of the distribution.

IF()rmulmo the research ])r()l)l(*m]

[D('ﬁn(‘ population and smnpl(‘]

l('()llv('t the data |

ID() descriptive data analysis

Use appropriate statistical methods to solve the research problem

[R(‘})()l‘t the rosultsl

Figure A.5: Steps for statistics analysis of data
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The two most commonly used measures of center for quantitative variable are the
sample mean and median. The mean is defined as the sum of the all the data under
observations divided by the number of the data (also called as sample size). The sample
size is usually symbolized by n and for a variable that is denoted by z, its observations
are denoted by z1, 29, 23..., z,. The sample mean is then denoted by z. The expression

for the sample mean is given as follows:

22 (A1)

n

7=
where, Y z; represents z1 + 22 + 23+ .... + 2z,. The symbol stands for the sum of z-values
and the subscript i, represents a typical value in the range 1 to n. It is worth noting

that the mean is highly influenced by outliers (i.e. data observations that fall far from
the rest of the data, either well above or well below the bulk of the data).

The median is often described as simple measure of central tendency in descriptive
statistical analysis of data and it is known to be the most important statistical measure
of data [123]|. This is because the median has some advantages as compared to the
mean (i.e. the median unlike the mean is that it is less affected by outliers and skewed
data). Hence, it is usually the preferred measure of tendency when the distribution of

data is not symmetrical.

A.2.1 Measures of variation of data

Sometimes the mean and the median may not be able to reflect the true picture of the
data under observation due to variations and scattering. The measures of variation are

given and described as follows:

e Range - The range is the simplest measure of variation and it is obtained by

taking the difference between two extreme values of the given data.

e Standard deviation (SD) - The standard deviation is defined as a quantity that

expresses how the individual data points differ or vary from the mean value.
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The standard deviation is given as follows:

where Z is the sample mean, z; is the ' observation, n represents the sample
n

size and the notation ) represents the addition of all the squared deviations
i=1
from the sample mean from the (i = 1) to the last (n'*) observation respectively.

The SD can only be > 0. SD = 0 only when all the the observations have the
same values. A value of SD that is high shows that the data has more variation

whereas a low value of SD means that the data is centered around the mean.

Quartiles - Quartiles are the most commonly used values of position which
divides the data into four groups containing an approximately equal number of
observations whereby 25% are < @1 , 50% of the observations are < 5 and lastly
75% of the observations are < Q3 respectively. 1, Q2 and (Y3 are called as lower,
middle and upper quartiles respectively. The quartiles are used to determine the
variation of data for median analysis. This is done through 'box and whisker’

plot.

Box and whisker plot is based on the five-number summary and can be used to
provide a graphical display of the center and variation of the observed values of
variable in a data set [122]. The five-number summary of variables is composed
of the minimum (Min), maximum (Maz) and quartiles (Q1,Q2, Qs ). Figure
A.6 shows a generic box and whisker plot. () i.e. the median is the middle value
in the distribution of data when the data is arranged in ascending or descending

order. Each side of the median represent 50% of the data.

A.2.1.1 Interpretation of box and whisker plot

In the plot, the box basically contains the middle portion of the data (i.e. the center)

and the whiskers show how large the spread or the variation of the data is. The box

plot can illustrate whether the data under observation is symmetric or skewed. A

symmetric data set shows the median roughly in the middle of the box. Skewed data

on the other hand shows a lopsided box plot, whereby the median cuts the box into

two unequal parts. The box also gives the Interquartile Range (IQR).
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Interquartile range (IQR) - The IQR tells how spread-out the middle values are
and it can also be used to determine when some of the values are too far from the
central value (i.e. when the values are outliers). Equation A.3 shows the IQR measure
of variation. An outlier is any value that lies more than 1.5 times IQR from either
end (i.e. this means that any data that is @)1 — 1.5(/QR) or above Q3 + 1.5(/QR) is
regarded as an outlier) [124].

IQR = Qs — Q (A3)

As mentioned before, statistics usually assumes that the data values are around some

central value.

In addition, the box and whisker plot is interpreted as follows:

A wide box and long whiskers means that the data doesn’t cluster as one would

have hoped (or at least assumed)

e A small box and long whiskers means that the data clusters, however it has some

outliers that should be investigated further

e If the longer part of the box is to the right (or above) the median, the data is
said to be skewed right

e If the longer part of the box is to the left (or below) the median, the data is
skewed left

It should be noted that if a side of the box is longer than the other, it does not mean
that side contains more data. Thus one cannot tell the sample size by looking at the
box plot since it is based on the percentages of the sample size itself. Each section of
the box plot (i.e. from the min to @1, @; to the median, median to 3 and Q3 to the
max) represent 25% of the data.
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@ OUTLIER More than 3/2
oY) times of upper quartile

MAXIMUM Greatest value,
excluding outliers

r~ UPPER QUARTILE 25% of
data greater than this value

- greater than this value
middie of dataset

lQR ——MEDIAN 50% of data is

~ LOWER QUARTILE 25% of
data less than this value

MINIMUM Least value,
excluding outliers

§—————O0UTLIER Less than 32
times of lower quartile

Figure A.6: Generic box and whisker plot

A.3 Analysis of MOO Results

This section gives the additional analysis of the optimization results.

A.3.1 Mean Analysis of Optimization model results

Table A.1 shows the standard deviations (SD) of the overall optimization results.

A.3.2 Median Analysis of Optimization model results

This subsection gives additional data and information on the median analysis of the
optimization results. This additional information includes the data used for the box

and whiskers plots for the objective functions together with the design variables. It
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Table A.1: Standard deviations of the overall optimization results.

Nanocomposite t; t 0 E; T
Material (nm) | (nm) | (wt.%) | (GPa) | (MPa)
Nylon-MMT 2.46 | 1.48 1.61 0.49 2.12 | 0.00 | 0.69 | 0.07
Pa-CaCO3 1.25 | 143 1.42 3.14 1.28 | 0.00 | 0.58 | 0.03
SBR-MWCNT | 0.41 | 0.71 1.00 97.24 1.96 | 0.00 | 0.30 | 0.02
iPP-MWCNT | 047 | 1.30 1.88 98.35 1.44 | 0.00 | 0.38 | 0.02

n | Er | or

should be noted that the orientation factor was not selected due to the fact that its

value was always equal to one for all the optimization computations.

A.3.2.1 Objective functions

A.8.2.1.1 FElastic modulus

Table A.2 shows the five-number summary variables for the normalized elastic modulus.
Table A.3 gives the comparison of the mean and median results of the normalized elastic
modulus. The table also provides the IQR and SD (which shows the variation of data)
of the two analyses respectively. The values of IQR are relatively higher compared to
those of SD, and thus indicating that the median analysis is showing a higher degree

of variation as compared to the mean analysis.

Table A.2: Summary variables for the normalized elastic modulus.

Elastic Modulus (GPa)
Summary variables | Nylon-MMT | Pa-CaCO3 | SBR-MWCNT | iPP-MWCNT
Min 1.18 1.53 1.39 1.21
Q1 1.31 1.61 1.66 1.38
Median 1.54 1.75 1.85 1.84
Q3 2.29 2.30 1.93 1.94
Max 2.80 2.99 2.27 2.10
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Table A.3: Comparison of the mean and the median of the normalized elastic modulus.

Elastic modulus

Nanocomposite | Median | IQR | Mean | SD
Nylon-MMT 1.54 0.98 | 1.81 | 0.69
Pa-CaCO3 1.75 0.69 | 2.01 | 0.58
SBR-MWCNT 1.85 0.27 | 1.82 |0.30
iPP-MWCNT 1.84 0.56 | 1.70 | 0.38

A.3.2.1.2 Tensile strength

Table A.4 shows the five-number summary variables for the normalized tensile strength.
Table A.5, shows the comparison of the mean and median results of the normalized
elastic modulus. The table also provides the IQR and SD of the two analyses respect-
ively. From both IQR and SD values it can be seen that the variations of the results

from the two approaches are almost similar.

Table A.4: Summary variables for the normalized tensile strength.

Tensile strength (GPa)
Summary variables | Nylon-MMT | Pa-CaCO3 | SBR-MWCNT | iPP-MWCNT
Min 0.83 0.90 0.94 0.95
Q1 0.87 0.93 0.96 0.96
Median 0.93 0.97 0.97 0.97
Q3 0.97 0.98 0.98 0.99
Max 0.99 0.98 0.99 1.00

Table A.5: Comparison of the mean and the median of the normalized tensile strength.

Tensile strength
Nanocomposite | Median | IQR | Mean | SD
Nylon-MMT 0.93 0.10 | 0.92 | 0.07
Pa-CaCO3 0.97 10.05| 096 | 0.03
SBR-MWCNT 097 | 0.02 | 0.97 | 0.02
iPP-MWCNT 0.97 | 0.03| 0.97 | 0.03
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A.3.2.2 Nanofillers thickness

Table A.6 shows the five-number summary variables for the thickness of the nanofillers.

Table A.7 gives the comparison of the mean and median results of the nanofillers

thickness.

Table A.6: Summary variables for thickness of nanofillers.

Nanofiller thickness (nm)
Summary Variables | Nylon-MMT | Pa-CaCO3; | SBR-MWCNT | iPP-MWCNT
Min 4.17 3.92 5.91 4.84
(O} 4.37 6.09 5.97 6.88
Median 5.41 6.42 6.18 7.01
Qs 6.93 6.98 7.01 7.95
Max 7.46 8.23 7.52 8.48

Table A.7: Comparison of the mean and the median of the nanofillers thickness.

Nanofillers thickness
Nanocomposite | Median | IQR | Mean | SD
Nylon-MMT 5.41 2.56 | 5.65 | 1.48
Pa-CaCQOs 6.42 0.90 | 6.36 | 1.43
SBR-MWCNT 6.18 1.05 | 6.5 |0.71
iPP-MWCNT 7.01 1.07 | 7.07 | 1.30

A.3.2.3 Thickness of the interphase

Table A.8 shows the five-number summary variables for the thickness of the interphase.

Table A.9 gives the comparison of the mean and median results of the thickness of the

interphase.
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Table A.8: Summary variables for the interphase thickness.

Interphase thickness (nm)
Summary Variables | Nylon-MMT | Pa-CaCO3 | SBR-MWCNT | iPP-MWCNT
Min 1.76 1.91 1.63 1.72
Q1 2.43 1.98 1.99 2.02
Median 2.96 2.24 2.12 2.31
Qs 6.15 3.05 2.31 2.55
Max 7.29 5.11 2.84 3.02

Table A.9: Comparison of the mean and the median of the interphase thickness.

Interphase thickness
Nanocomposite | Median | IQR | Mean | SD
Nylon-MMT 2.96 3.72 | 4.07 | 2.46
Pa-CaCOs 2.24 1.08 | 2.78 | 1.25
SBR-MWCNT 2.12 0.31 ] 2.17 | 041
iPP-MWCNT 2.31 0.53 | 2.32 | 047

A.3.2.4 Nanofillers loading

Table A.10 shows the five-number summary variables for the nanofillers loading. Table

A.11 gives the comparison of the mean and median results of the loading of the nano-

fillers.

Table A.10: Summary variables for nanofillers loading.

Weight fraction (wt. %)
Summary Variables | Nylon-MMT | Pa-CaCO3 | SBR-MWCNT | iPP-MWCNT
Min 1.11 1.13 2.36 1.04
Q1 1.45 4.40 4.19 1.91
Median 3.21 4.52 4.69 4.53
Qs 4.29 4.58 4.92 4.67
Max 4.66 4.88 4.97 5.00
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Table A.11: Comparison of the mean and the median of the nanofiller loading.

Weight fraction
Nanocomposite | Median | IQR | Mean | SD
Nylon-MMT 3.21 2.84 | 295 | 1.61
Pa-CaCQOj 4.52 0.18 4 1.42
SBR-MWCNT 4.69 0.73 | 4.29 | 1.00
iPP-MWCNT 4.53 276 | 3.47 | 1.88

A.3.2.5 Interphase modulus

Table A.12 shows the five-number summary variables for the modulus of the interphase.

Table A.13 gives the comparison of the mean and median results of the elastic modulus

of the interphase.

Table A.12: Summary variables for the interphase modulus.

Interphase modulus (GPa)
Summary Variables | Nylon-MMT | Pa-CaCO3 | SBR-MWCNT | iPP-MWCNT
Min 18.81 27.83 530.92 365.15
Q1 19.68 28.58 538.43 453.95
Median 19.87 31.31 551.04 539.39
Q3 19.91 33.41 636.84 561.79
Max 20.24 35.48 772.60 636.19

Table A.13: Comparison of the mean and the median of the interphase modulus.

Interphase modulus
Nanocomposite | Median | IQR | Mean | SD
Nylon-MMT 19.87 0.23 | 19.72 | 0.49
Pa-CaCOs3 31.31 4.82 31.28 | 3.14
SBR-MWCNT | 551.04 | 98.42 | 600.88 | 97.24
iPP-MWCNT 539.39 | 107.85 | 512.47 | 98.35
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A.3.2.6 Interfacial shear stress

Table A.14 shows the five-number summary variables for the interfacial shear stress.
Table A.15 gives the comparison of the mean and median results of the interfacial shear

stress.

Table A.14: Summary variables for the interfacial shear stress.

Interfacial shear stress (Mpa)
Summary Variables | Nylon-MMT | Pa-CaCO3; | SBR-MWCNT | iPP-MWCNT
Min 46.89 49.33 47.54 48.40
1 50.05 50.27 48.75 51.74
Median 51.92 51.97 50.36 51.92
Qs 51.97 51.99 51.80 52.00
Max 52.00 52.00 51.98 52.00

Table A.15: Comparison of the mean and the median of the interfacial shear stress.

Interfacial shear stress

Nanocomposite | Median | IQR | Mean | SD
Nylon-MMT 51.92 | 1.92 | 50.69 | 2.12
Pa-CaCOs3 51.97 | 1.72 | 51.16 | 1.28
SBR-MWCNT | 50.36 | 3.06 | 50.12 | 1.96
iPP-MWCNT 51.92 | 0.26 | 51.32 | 1.44
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A.3.2.7 Dispersion Parameter, B

Table A.16 shows the five-number summary variables for parameter B. Table A.17 gives

the comparison of the mean and median results of the dispersion parameter.

Table A.16: Summary variables for the dispersion parameter.

Summary Variables | Nylon-MMT | Pa-CaCO3 | SBR-MWCNT | iPP-MWCNT
Min 3.06 2.80 4.42 3.25
Q1 3.12 2.81 4.47 3.33
Median 3.16 2.84 4.55 3.34
Q3 3.17 2.84 4.63 3.34
Max 3.17 2.84 4.64 3.34

Table A.17: Comparison of the mean and the median of the parameter B.

Parameter B

Nanocomposite | Median | IQR | Mean | SD
Nylon-MMT 5.41 2.56 | 3.14 | 0.05
Pa-CaCOs3 6.42 0.90 | 2.83 | 0.02
SBR-MWCNT 6.18 1.05 | 4.54 | 0.10
iPP-MWCNT 7.01 1.07 | 3.32 | 0.04
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