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ABSTRACT

Three investigations were conducted in this article-style dissertation, all sharing the

common goal of achieving improved characterization of geopolymers in a manner that

provides nanostructural information. The first study revisited the use of statistical

nanoindentation for characterizing the micromechanical properties of heterogeneous

materials and explores the limitations of the method for future applications with

geopolymers. In the second investigation, a novel method was developed for quantitatively

analyzing the microsturcture of geopolymers by using electrical resistivity measurements.

The method was found to provide insight into the nanoscale porosity. The third

investigation utilized atom probe tomography (APT) to observe the effect of elevated

temperature of the nanostructure of a fly ash geopolymer. Complimentary analysis

techniques from the first two investigations were used to support the findings from APT.

The outcomes of this dissertation are additional insight into the nanostructure of

geopolymers, as well as several new characterization tools that may see broader use for

other cementitious materials in future research.
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CHAPTER 1

PROLOGUE

This dissertation is comprised of three studies investigating the use of both new and

existing characterization techniques for geopolymer cements. Geopolymer cements are an

appealing alternative to ordinary portland cement (OPC) because of their potential to

reduce greenhouse gas emissions, improved fire-resistance, and advantages for other niche

applications. By furthering the understanding of geopolymers, their suitability for industry

applications can be better assessed.

In the first study of this body of work, the use of statistical nanoindentation is

revisited. The validity and limitations of the technique are investigated using an

assortment of composite materials other than geopolymers. From this work, a more

reliable method for later use with geopolymers may be identified.

The second investigation seeks to develop a convenient method for quantitative

evaluation of geopolymer microstructures using electrical resistivity measurements. In the

process of this investigation, a suitable method for quantifying the free alkali content of

geopolymers is also pursued. The resulting experimental framework may be a more

informative and economical alternative to electron microscopy for comparing geopolymer

microstructures. This method could have future potential as a quality control method for

geopolymer cement applications.

The final study examines the novel use of atom probe tomography (APT) for

geopolymers before and after heat exposure. Statistical nanonindentation is employed as a

complimentary technique here, using the insights from the first investigation to improve

1



the validity of the method. The method for measuring free alkalis proposed in the second

study is also used here to support the APT results. The outcome of this study is an

enhanced understanding of the nanostructural role of alkalis in geopolymers.

In addition to advancing the knowledge of geopolymer systems, the characterization of

geopolymers in this work may provide insight into how the characterization techniques

themselves can be improved for more reliable use with other materials with highly

heterogeneous microstructures, such as other cementitious systems.
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CHAPTER 2

REVISITING THE STATISTICAL NANOINDENTATION TECHNIQUE

2.1 Introduction

Nanoindentation allows for the micromechanical properties of materials to be measured

through indentation performed at a sub-micron level. This small scale investigation

technique is very appealing for materials with heterogeneous microstructures as means of

evaluating the properties of individual phases of the microstructure. By doing so for all of

the microstructure constituents, an improved multi-scale mechanical understanding of the

material can be established [16].

Data from a single indent test can provide the elastic modulus (E) and hardness (H) of

the material based on the most commonly used Oliver and Pharr calculations (Eq. 2.1 and

2.2) [63]

H =
Lmax

A
(2.1)

E =

√
π

2

S√
A

(2.2)

where Lmax is the maximum load, A is the contact area at the point of loading, and S is

the initial unloading stiffness. However, these equations were developed under the

assumption of a bulk homogeneous and isotropic material as a continuum analysis.

To examine the entire microstructure of a heterogeneous material, large arrays or grids

of indents are performed. Grid indentation enables the mapping of micromechanical

properties as a qualitative analysis [55, 106]. For quantitative analysis of grid indentation,

3



a statistical nanoindentation method was proposed by Constantinides et al. [16, 17] to

distinguish the individual phases probed by grid indentation.

The original statistical analysis, which is fully reviewed in the following section 2.1.1,

fits a theoretical probability density function to the experimental data with component

Gaussians representing each phase. The mean, standard deviation, and volumes of the

assigned Gaussians are assumed to quantify the different phases. Constantinides et al.

proposed that this method “circumvents” the interaction between phases in the

microstructure and that the continuum analysis is applicable when a small enough indent

depth is used [16]. These critical assumptions are revisited in this introduction and

experimental work. Other researchers have investigated critical aspects of Constantinides’

original statistical nanoindentation, but have focused more specifically on the application

of the method for cementitious materials [23, 37, 49, 59, 90].

2.1.1 The original method from Constantinides et al.

Regarding the individual indentation technique, Constantinides et al. refer to the

analogy of thin-film materials where substantial literature on nanoindentation was

available. Although more recent literature regarding the influence of a substrate material

with different mechanical properties was discussed, the authors concluded that the 1/10th

approximation originally proposed Buckle (simply stating that indent depths should be

less than 1/10th of the thin-film thickness in order to avoid substrate influence [13]) was

sufficient enough to apply the continuum indentation analysis to more complex

heterogeneous materials [16].

The variable assignments used by Constantinides et al. and repeated here are listed in

Table 2.1 for reference. Assuming that h << D satisfies the criteria for the continuum

analysis to be applied to a single indentation test, with a homogeneous representative

volume element (RVE, i.e. volume of influence in the material) to satisfy self-similarity,

statistical nanoindentation can be performed as follows by [16]: N indentation tests are

conducted in a large grid format on the sample with spacing l, where l
√
N >> D to avoid

4



Table 2.1: Symbology used in statistical algorithms after [16]

Symbol Definition
RVE representative volume element, or volume of influence for the indent test
h indentation depth
a indenter tip radius
D characteristic microstructural feature length scale
d characteristic size of the largest heterogeneity within the RVE
J phase number
n number of phases
N number of indentation tests in grid
NJ number of indentations on material phase J
fJ frequency of a mechanically distinct phase, J , tested in the grid
x the selected mechanical property, elastic modulus M or hardness H, of a given indent
pJ(x) assumed Gaussian distribution of x for phase J
uJ mean x for phase J according to the assigned Gaussian
sJ standard deviation of x for phase J according to the assigned Gaussian
P (x) theoretical probability density function for x across the sample
Pi discrete indentation values
m number of bins used to construct a histogram
xi mechanical property value for a given bin, i

statistical bias of phases. For the large grid of N indentation tests, the frequency of each

phase in the microstructure, fJ , is:

fJ =
NJ

N
, where

n∑
J=1

NJ = N (2.3)

The distribution of x for each phase is assumed to be a normal or Gaussian

distribution:

pJ(x) =
1√
2πs2

J

exp−(x− µJ)2

2s2
J

(2.4)

Where the mean and standard deviation for each phase is given by:

µJ =
1

NJ

NJ∑
k=1

xk (2.5)

s2
J =

1

NJ − 1

NJ∑
k=1

(xk − µJ)2 (2.6)

For a homogeneous single phase material, n = 1, µJ , and s2
J accurately describe the
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material properties in a statistical sense. However, when the assignment of normal

distributions is extended to multiple phases, J = 1 : n, it must be assumed that the phases

do not interact mechanically [16]. Constantinides et al. then propose that the overall

frequency distribution for the mechanical property x can be described by the following

theoretical probability density function (PDF):

P (x) =
n∑

J=1

fJpJ(x), where
n∑

J=1

fJ = 1 (2.7)

In equation 2.7 above, fJ , µJ , and sJ must be solved for, which leaves 3n−1 unknowns.

The equation (2.7) can be determined through a process of minimizing the mean square

error (MSE) between the experimental data and the theoretical PDF P (xi). The discrete

experimental observations P i are essentially assembled into a histogram with an assigned

number of bins m. The following function essentially fits the theoretical PDF (Eq. 2.7) to

the experimental histogram:

min MSE =
m∑
i=1

(P i − P (xi))
2

m
(2.8)

Using this deconvolution algorithm, the number of phases n must be known or

assumed, often with the aid of X-ray diffraction or microscopy. The advantage of using a

cumulative distribution function (CDF) instead of a PDF here is that no bin width needs

to be assigned [76, 93], though this does not eliminate any “noise” from the data [49] and

eliminates the inherent low-pass filtering aspect of using the PDF. In the original

statistical nanoindentation method revisited here, the locally optimum solution for Eq. 2.8

was manually selected [49], though this was not explicitly stated in [16].
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2.1.2 Critical aspects of indentation mechanics

Surface roughness

The ASTM E2546-15 [28] specification for instrumented indentation states the specimen

surface finish and flatness is critical for reliable test results, however no surface roughness

criteria are provided. With respect to statistical nanoindentation of portland cement

(often referred to as ordinary portland cement, OPC), Miller et al. proposed that the

minimum indentation depth, h, should be at least five times greater than the

root-mean-squared (RMS) surface roughness measured using atomic force microscopy

(AFM) over a scan area equal to 200h2 [51]. Because hydrated portland cement is

inherently porous, Ttrik et al. questioned the feasibility of the Miller’s surface roughness

criteria and hypothesized that it is only attained through Miller’s extensive polishing

procedure where particles from the specimen are possibly removed then repacked into the

porosity of the material to yield an ultimately flatter surface [90].

Regardless of the measured surface roughness or polishing procedure, insufficient

surface flatness will cause aberrant test results, which will generally be apparent in the

load-displacement plot. An example of this is shown in Fig. 2.1a. Considering the porous

nature of some materials, such as cementitious materials, there will inevitably be aberrant

tests pertaining to porous regions or areas sloping towards a porous region so the surface

should be prepared in a way that generally minimizes the aberrant tests as suggested by

ASTM E2546-15 [28] while not disturbing the natural microstructure of the material.

With the assumption that aberrant tests due to surface roughness or porosity are

discarded prior to mapping or statistical analysis of the results, one can assume that it

generally does not influence the processed results and simply reduces the number of valid

test results. With better surface preparation, the amount of useful data obtained from grid

indentation is increased and in effect increases the sample size, N , without additional

tests.
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(a) Example of an aberrant test in a
sample with poor surface flatness.

(b) Example of a valid test in a flat
surface.

Figure 2.1: Effect of surface roughness on indentation.

Influence of microstructure

Considering the highly heterogeneous microstructure of portland cement systems again,

Trtik, Lura, and Münch used focused ion beam nanotomography (FIB-nt) to make the

argument that there is generally not a homogenous interaction volume present for

nanoindentation [49, 90]. In defense of their proposed nanoindentation technique, Ulm et

al. argued that there are sufficiently homogeneous regions of cement microstructure and

that Buckle’s rule of thumb for phase separability holds true [94]. Both research groups

refer to microscopy to support their argument and therefore either argument may be

correct in different scenarios where the microscopy is representative of the indented

microstructure. However, there is sufficient evidence from scanning electron microscopes

(SEM) X-ray energy dispersive spectroscopy (EDS) to conclude that nanoparticulate

heterogeniety can be present in the RVE of indents in OPC [14, 37]. This phenomena does

not explain why statistical nanoindentation can result in a ”noisy” and widespread

experimental distribution for more homogeneous composite phases though, such as the

Ti/TiB composite in the validation experiments from [16] (e.g. see Fig. 7c of [16]).

For a more complete understanding, other mechanisms of microstructural influence

should be considered besides a heterogeneous RVE. There are several microstructural

scenarios where the assumptions made by Oliver and Pharr’s continuum analysis and that
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set forth by ASTM E2546-15 are invalid due to an additional source of structural

compliance, as discussed by Jakes et al. [39].

The departures from the continuum analysis noted by Jakes et al. include: flexure on

the indent scale, which was observe for the cell structure of wood based specimens (Fig.

2.2a), indents near a phase boundary or edge (Fig. 2.2b), or a layered specimen (Fig.

2.2c). As discussed previously, Constantinides et al. did acknowledge the possibility of

substrate effects preventing the isolation of obtaining individual phase properties by

applying Buckle’s rule of thumb. While this assumption may be true sometimes in

heterogeneous composites, the authors acknowledged that it will inevitably fail in some

instances [16]. The question then remains — when is the continuum analysis valid for

indentation of a heterogeneous microstructure?

Figure 2.2: Sources of structural compliance, after Jakes et al. [39] a) Elastic structural
deformation on the specimen scale. b) Elastic heterogeneity due to a free edge (left) or
dissimilar neighboring material (right). c) Layers with heterogeneous properties.

To answer this question, the scenarios are considered where there will be additional
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structural compliance and the continuum analysis will not be valid (excluding the

possibility of a flexible material). A more recent examination of superhard thin film

coatings (H > 80 GPa) on various substrates found that Buckle’s rule was not applicable

with a far weaker substrate [97]. This finding could be interpreted to also suggests that

Buckle’s rule does not apply when the substrate happens to be a porous region or void,

which is certainly a possibility in cement microstructure.

Following this logic, there are two sources of structural compliance not addressed by

the use of Buckle’s rule. These sources are present for indents in horizontal proximity of

a phase boundary or pore space (Fig. 2.3a and b) and indents with underlying porosity

(Fig. 2.3c). The discarded indents into porosity may also place a bias in the distribution

of neighboring phases or more porous phases such as ettringite in OPC.

In spite of any assumptions, an indent with a substrate influence is always a possibility

in heterogeneous microstructures. The probabilities of the microstructural influences on

indents discussed in this section and depicted in Fig. 2.3 and 2.2, likely increase with the

level of complexity or scale of heterogeneity in the microstructure. Furthermore, a

heterogeneous RVE that other researchers have identified as a potential issue, particularly

for OPC [23, 37, 49, 90], is still plausible.
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Figure 2.3: Cases where the continuum analysis is valid or invalid: a) valid case within
at least a 1µm3 volume but invalid cases near either side of the phase boundary, b)
discarded or aborted indent test within a pore and an invalid test near the edge, c) valid
indent in media at least 1µm above a boundary with a phase of comparable modulus and
the invalid case for an indent above a pore space even if it is separated by at least 1µm
from the surface. This example considers an indent depth of 100 nm

Indentation method

Typically, basic indents with 0.5-2mN load control are performed with a trapezoidal

loading sequence [18, 93] in order to achieve the appropriately small indent depth. The

appropriate load for a material can be determined through a trial and error process to

obtain the desired depth [18]. For composite materials, this method will yield different

depths of indentation h for different phases NJ . There is, however, another indentation

method that achieves a continuous stiffness measurement (CSM) by oscillating the tip
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during the loading phase, rather than only measuring the stiffness upon unloading as in

the basic method.

For the basic indentation method, self-similarity principles are employed exclusively to

judge the quality of indents by checking for a linear trend in the plot of load versus h2, or

the presence of a quadratic trend in the load-displacement plot [15]. This approach can

identify fractures (or “pop-in” events) or surface roughness effects, but it does not consider

additional sources of structural compliance. The discrepancy here lies in the equation used

to calculate the depth (Eq. 2.9) which relies on the stiffness upon unloading.

h = hmax − 0.75
Lmax

S
(2.9)

Eq. 2.9 essentially assumes that there is a constant stiffness of the material across the

entire indentation so that the depth can be interpolated as a function of the load. As

discussed in the previous section, this is not always the case for indents in heterogeneous

composites. Therefore, the self similarity approach proposed in the original statistical

nanoindentation method cannot be used to confirm whether the continuum analysis

applies since it relies on equivalent assumptions. Considering that researchers have

continued to use the basic indentation method for statistical nanoindentation [38, 48, 102],

it has yet to be shown whether this fundamental oversight is an issue.

When the continuum analysis is assumed based on self similarity, the resulting E and

H values are liable to be influenced in cases where Buckle’s rule is violated, an inevitability

as stated by Constantinides et al. [16], or when any of the other sources of structural

compliance (Fig. 2.3 and 2.2). As early as 1999, Knapp et al. had used finite element

modeling and CSM indentation to provide data demonstrating that the substrate can

influence the modulus determination from basic indentation of thin films even though self

similarity is preserved (see fig. 10 and 11 in [41]). Considering that there was ample

literature using the CSM indentation method released prior to the inception of statistical
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nanoindentation [44], it is a point of curiosity as to why the CSM technique was not

originally considered for statistical nanoindentation.

The erroneous tests obtained during grid indentation due to additional sources of

structural compliance could easily be identified by using the CSM technique, or simply

performing multiple loading cycles, to obtain stiffness measurements at different

indentation depths [39]. In 1991, Stone, Yoder and Sproul (SYS) [85] used CSM to derive

an alternative method for determining the mechanical properties of thin films, which

yielded consistent results for thin films regardless of thickness. Their method effectively

circumvented the need to assume Buckle’s rule. Based on the work of SYS, Jakes et al.

derived the following equation to account for structural compliance.

L1/2

S
= (Cm + Cs)L

1/2 + J
1/2
O (2.10)

Where Cm and Cs are the machine and structure compliance respectively and JO is the

Joslin-Oliver parameter [40] defined by,

JO =
H

E2
eff

(2.11)

When no indentation size effect is present, JO can be determined as the intercept from

a so-called “SYS plot” of L1/2/S vs. L1/2 on the x-axis. In this plot, the slope represents

the combined compliance, and the intercept defines JO. Fig. 2.4 shows an example of a

CSM indentation subject to additional structural compliance (taken from the Al-Si 9:1

dataset presented in the body of this work). The indent satisfies self-similarity (Fig. 2.4),

but the shallower depths of indentation appear to be affected by a substrate or edge

influence.

Jakes et al. were able to correct for edge effects in timber microstructures by using this

relationship. Using this approach for composite materials is difficult, however, since

substrate constituents may themselves be subject to additional structural compliance.
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Therefore, only indents with minimal structural compliance should be used in the analysis

[3]. Another drawback of the SYS correction for compliance when considering extensive

grid indentation is the need to determine the contact area of each indent a posteriori via

microscopy.

Even though corrected values for the mechanical properties of an indent containing

additional structural compliance cannot readily be obtained, the SYS plot provides a

method of assessment. Amanieu et al. were able to use the SYS plot as a filtering method

for statistical nanoindentation of two phase materials [3]. Prior to filtering, they observed

a significant scatter of indents in between the two phases in the experimental PDFs. After

filtering, however, distinct peaks in the PDF are apparent for the two phases [3].

While filtering based on the SYS plot could be readily automated, the same results

could also be attainable simply by examining the CSM data in a plot of stiffness-depth.

This would also extend to the plots of modulus or hardness-depth since they depend on

stiffness. In fact, Das et al. used the CSM technique for statistical nanoindentation of an

alkali-activated fly ash (AAFA) cement and used the plot of modulus vs. depth to assess

indentation quality [21]. Their resulting PDF displayed four distinct peaks corresponding

to different phases. The potential of using CSM as a filtering method is especially

appealing when the variability of the AAFA material is considered. Das et al. were still

able to show arguably clearer peaks in the PDF than Constantinides et al. did for a

considerably less complex or variable Ti composite material using their proposed basic

indentation method.

Several notable technological advancements in nanoindention methods have been made

since statistical nanoindentation was introduced. Nanoindentation equipment is now

available with a dynamic contact module (DCM) loading apparatus. The DCM offers a

higher resolution of force measurement, but sacrifices the ability to perform higher

indentation loads. This is preferable for thin-film materials, as well as composites with

limited regions of heterogeneity that are often the subject for statistical nanoindentation.
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The DCM technology also enables high-speed or “express” indentation testing to be

performed. With this method indents to low depths (i.e. 100 nm) can be performed in one

second. This technique has been used to provide high resolution mapping of mechanical

properties of various materials, and it has also provided dramatically increased sample

sizes for statistical nanoindentation [36, 56, 76]. It should be noted that in spite of the

higher resolution modulus maps produced using high-speed indentation, clear phase

boundaries are not shown where there are distinct boundaries in the corresponding

microscopy [36, 56, 76]. This is likely due to an artifact of structural compliance near

edges where phases interact, as described in section 2.1.2. Reiterating section 2.1.1, the

statistical nanoindentation procedure assumes that there is no interaction between phases

and thus high speed indentation may provide limited benefits to statistical

nanoindentation (even when spacing requirements are met)[16].

SEM-EDS has also become more readily available since the conception of statistical

nanoindentation. Many authors have coupled grid indentation with SEM-EDS mapping for

qualitative chemical analysis of the corresponding phases in the microstructure

[37, 55, 106]. It was not until recently that grid indents were quantitatively correlated to

chemistry via automated SEM-EDS spot scans of every indent in a grid [102]. While this

procedure is incredibly useful for designating indented phases and eliminating indents from

potentially impure phases, the measured mechanical properties of “pure” phases could still

be influenced by the microstructural effects discussed in section 2.1.2.

2.1.3 Critical aspects of statistical deconvolution

In a recent review, Luo et al. concluded that statistical nanoindentation involved

“questionable statistical analysis methods” [48], broadly referring to the method proposed

by Constantinides et al. [16] discussed in section 2.1.1. Regarding OPC, Lura et al.

demonstrated the numerical instability of curve fitting by minimizing MSE following Eq.

2.8, which resulted in the manual selection of a locally optimum solution that may not be

the global optimum [49]. Considering the global optimum is unobtainable in a reasonable
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amount of time and that there is no clear method for determining which local optimum to

select, the method is qualitative at best and an alternative deconvolution algorithm is

desirable.

While the curve fitting approach converges towards the elusive “best-fit”, the

alternative maximum likelihood approach attempts the calculate the most probable or

likely Gaussian mixture model (GMM) [31]. The likelihood of the GMM (analogous to the

theoretical PDF in the original method) is often expressed in log form, as shown in Eq.

2.12. The likelihood is increased through q iterations of Expectation Maximization (EM)

until there is minimal improvement in likelihood and the solution has effectively

converged.

l =
N∑
k=1

log(
n∑

J=1

fJP (xk)) (2.12)

The expectation or E-step of EM can be summarize by Eq. 2.13, where a responsibility

value rkJ is calculated. The responsibility rkJ essentially represents the probability that

a given indentation datum x belongs to a given phase J , which is still assumed to have a

Gaussian distribution as in the original method. The mean, µJ , and covariance,
∑

J , of

pJ(x) are fixed during the E-step.

rkJ =
fJpJ(xk | µJ ,

∑
J)∑n

J=1 fJpJ(xk | µJ ,
∑

J)
(2.13)

The maximization of M-step of EM uses the rkJ values to update the assigned phase

distributions described by NJ , µJ , and
∑

J . For the 1-D scenario considered in the body

of this study,
∑

J is equivalent to the variance.
∑

J describes an ellipsoid for 2-D cases

[31, 102].

NJ =
N∑
k=1

rkJ (2.14)

fJ =
NJ

N
(2.15)
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µJ =

∑N
k=1 rkJxk
NJ

(2.16)

∑
J =

N∑
k=1

rkJ(xk − µJ)>(xk − µJ) (2.17)

The apparent issues with this approach are the assumed number of phases, J , and the

possibility of “over-fitting” or converging on a solution that is more probable than can be

reasonably accepted based on the sample size N [31]. To address these issues, the

Bayesian Information Criterion (BIC)[74] can be maximized instead of log-likelihood to

determine the best model by accounting for N and repeating the EM procedure for

different numbers of phases J and selecting the value of J that results in the lowest BIC.

BIC = 2l + n logN (2.18)

This maximum likelihood approach to deconvolution with the constraints of the BIC

has been successfully applied to statistical nanoindentation of cementitious materials to

obtain consistent results without user bias [37, 88, 102]. The equations presented so far

can be expanded for multivariate analysis even though only the univariate forms are shown

here for simplicity. Although this method enables consistent solutions to be obtained, it is

Bayesian in nature and the assigned phases are inherently probabilistic as “soft” cluster

assignments rather than classifications since no prior information is provided (i.e. flat

prior, unsupervised model) [10, 31]. The more accurate terminology for this approach to

statistical deconvolution could be belief-based clustering since it better describes the

Bayesian nature of this method in that the probability of the statistical accuracy of

clusters (i.e. phases) is now being determined [10], instead of “fitting” an estimated

statistical distribution to the data as in the original algorithms.

If the number of phases, NJ , and mean, µJ , of each were known a priori, then more

reliable semi-supervised clustering could be performed. The prior knowledge would allow

the clustering algorithm to place less weight on spurious indents not pertaining to the
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known indents. However, prior knowledge is rarely available, leaving the possibility that

erroneous indents due to microstructural influences discussed in section 2.1.2 could

effectively convolute the deconvolution. As mentioned earlier, Wilson et al. used

quantitative SEM-EDS to construct multivariate models for cementitious materials,

effectively informing the Gaussian mixture model with chemical labeling for each phase

[102]. Alternatively, ensuring that only indents of valid continuity are input to the

statistical analysis could also allow the unsupervised belief-based clustering method to be

used reliably.

2.1.4 Summary

Researchers have previously expressed concerns about aspects of statistical

nanoindentation such as surface roughness, prolific heterogeneity contaminating the RVE

(e.g. OPC [38, 48, 102]), “noisy” data, or the statistical methods themselves [48]. It seems

intuitive that larger sample sizes would provide a better signal to noise ratio [49] and

potentially improve the technique. The overarching theme in the literature, however, is the

vastly overlooked assumption that the continuum analysis applies to indents in a

heterogeneous microstructure without interaction of phases.

In this study, data from high speed nanoindentation are used with the improved

statistical analysis (belief-based clustering) to investigate the role of sample size. In

contrast, the influence of microstructure is investigated by using DCM-CSM indentation

and filtering prior to statistical analysis to ensure that the continuum analysis is valid,

similar to the method demonstrated by Amanieu et al [3]. However, Amanieu et al. also

suggested that larger sample sizes would increase signal to noise. This is true if filtering

for continuity is still performed, but the stiffness at multiple depths of indentation has not

yet been in a high-speed method. The present study investigates whether the limiting

factor for statistical nanoindentation is not the sample size, N , but rather the fundamental

assumption that each indentation exhibits continuity. By exploring the limitations of the

assumptions made in the statistical nanoindentation method, it may be reconciled for
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select applications.

2.2 Methodology

2.2.1 Statistical analysis of high-speed nanoindentation data

The high speed nanoindentation method performs one indent per second to a depth of

100 nm and uses the basic load vs. displacement curve to determine the modulus and

hardness from the continuum analysis [36, 56, 63, 76]. In this section, high speed

nanoindentation from [56, 57, 76] were re-analyzed using belief-based clustering to

determine GMMs for the reported modulus values. The BIC for model orders (i.e. number

of phases J) 1-5 were calculated, and clustering was performed for the model with the

lowest BIC. The Matlab program used to perform the clustering is included in the

appendix.

The first two datasets were originally obtained from LixMn2O4-based cathode materials

at different states of charge (SoC). The grid indentation yielded 817 and 861 successful

indents (out of 900) for 0% and 100% SoC samples respectively. Successful indents are

defined here as tests that were not automatically aborted for any reason, e.g. porosity.

Testing was completed in less than an hour using an indent spacing of 2 microns [57].

The third dataset was obtained from 15 separate 50x50 indentation grids performed on an

OPC sample (w/c =36) also using 2 micron spacing [76]. For this sample, 33,134

successful tests were provided from the 37,500 total tests performed.
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(a) Plot confirming self-similarity of the indent

(b) Modulus across depth of CSM indentation

(c) SYS plot with a dashed line indicating a level
compliance

Figure 2.4: Example of a self-similar indent with additional sources of structural
compliance.
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2.2.2 Evaluating the effect of nanoindentation data filtering

Sample preparation

Alumina-silica (Al-Si) composites of 9:1 and 2:1 mass fractions were made by sintering

compacted powder pellets of 9 mm diameter and 3 mm thickness. The powders used were

commercially available with the Al2O3 powder (source: Allied High Tech Products,

Rancho Dominguez, CA) of an average particle size of 1µm and the SiO2 powder (source:

Alfa Aesar, War Hall, MA) of an average particle size of 44µm. Steps were taken during

the compaction process to ensure that maximum theoretical density could be reached for

the samples without damaging the die press. Due to the restrictions from the particle size

of the silica, the predicted theoretical densification leveled out at approximately 70% [19].

Pressureless sintering was carried out at 1800◦C for 5 hours, and the finished samples were

later cast into epoxy to support the samples during polishing and indentation.

The Al-Si samples were polished successively with 120, 400, 600, 800, and 1200 grit SiC

sanding paper followed by 6µm, 3µm, and 1µm diamond suspension on felt cloth. The

final polishing steps used 0.3µm and 0.05µm alumina suspensions. Samples were sonicated

in an ethanol bath after each polish step. After sonication, the samples were assessed

under an optical microscope to determine whether to proceed to the next polishing step.

Ultimately, each polishing step was performed for 5 minutes with only one round necessary

for each. To verify the quality of this procedure, atomic force microscopy (AFM) was

performed in three 20x20µm regions for each sample to determine the RMS value as

suggested by [51]. A Park System XE70 AFM was used with a scan rate of 0.5 Hz on a

two pass route.

An OPC specimen was also prepared for CSM nanoindentation using a w/c ratio of

0.5. The higher w/c was selected to promote the formation of hydration products and

limit the content of unreacted clinker phases since the continuum analysis is a sound

assumption for unreacted clinker phases [96], and the objective was to assess whether

statistical nanoindentation can reliably measure properties of hydration products. The
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sample was moist cured for 56 days before a fractured section was cast in epoxy.

The OPC 0.5 sample was dry polished to 1200 grit as outlined above, then polished

with 6µm and 3µm diamond suspension for two rounds of 5 min each with sonication in

between. The sample was then polished for 6 hours at 1µm as recommended by Miller et

el. [51]. Although this may disturb the natural porosity of the microstructure according

to some researchers [90], and mentioned earlier, this polishing procedure was selected to

further again maximize the probability of indenting a homogenous medium of hydration

products (albeit possibly recompiled), rather than porosity.

Table 2.2: Type I/II cement composition from XRF

Oxide: SiO2 Al2O3 Fe2O3 MgO CaO Na2O K2O LOI

% wt. 21.78 6.10 3.24 0.83 66.9 0.10 0.57 2.58

Nanoindentation

Nanoindentation was conducted using an Agilent Technologies G200 Nanoindenter with a

diamond Berkovich indenter tip. The loading configuration made use of the enhanced

Dynamic Contact Module II (DCM) functionality which allows for a displacement

resolution of 0.2 pm and a force resolution of 3 nN while also maintaining a lower noise

floor than standard indentation methods. CSM indentation was performed with a

harmonic displacement target of 1 nm and a frequency of 75 Hz.

Al-Si 9:1, Al-Si 2:1 and OPC 0.5 samples were all indented to a depth of 300 nm with

10µm indent spacing. Indents were performed in 20 x 20 grids for each sample. For the Al-

Si samples, a poisson ratio of 0.28 was assumed according to literature regarding mullite

properties [43]. The poisson ratio for the OPC sample was assumed to be 0.24 [53].

Data analysis

Prior to statistical deconvolution of the grid indentation results, invalid tests were filtered

out in two phases using a method similar to the “selective indentation” procedure
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originally proposed by Amanieu et al. [3]. The Matlab programs written to import

indentation test data, perform filtering and deconvolution/clustering are all included in the

appendix for complete details, but can be summarized as follows.

The first filter stage assesses the self-similarity of indents as originally suggested for

statistical nanoindentation [93]. Indents where L vs. h2 is non-linear are discarded by the

filter step. For the purposes of this filter, R2 > 0.996 was observed to be a satisfactory

requirement for linearity. It should be noted that this differs slightly from the parabolic

criteria used by Amanieu et al. [3]. It should also be noted that this automated measure

of linearity is likely more stringent than the visual assessments performed manually in

prior statistical nanoindentation studies. Figure 2.5 displays an example of a dissimilar

indent that may have passed visual assessment if only the load vs. displacement plot were

judged.
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Figure 2.5: Example of a dissimilar test with a high coefficient of determination.

Indents determined to be self-similar by the first filter were then assessed for structural

compliance by the second filter. Identical to the second stage described in more detail by

[3], this filter measured the structural compliance, Cs, from the slope of the “SYS plot”

for the indentation data from a certain depth range (Eq. 2.10). The depth range proposed

by Amanieu et al. with sound reasoning was 45 - 75 nm and this was used for the Al-Si

samples. For the OPC sample, however, the depth range used for analysis was 45 - 245 nm
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since the RVE for OPC must be larger to accomodate for the nanogranular nature, which

is observed for indent depths of 100-300 nm [18]. Indents where Cs < 4.0 × 10−6 were

discarded by this filter, as suggested by Amanieu et al. based on empirical results from

fused silica [3]. For indents deemed to be non-compliant by the filter (Cs < 4.0× 10−6), the

continuum analysis is valid and the modulus was averaged over the selected depth range.

The moduli of indents that only passed the first filter stage were also averaged over the

same depth range to provide results for a comparison showing the effect of the compliance

filter. The filtered moduli results from each sample were then analyzed using belief-based

clustering as described earlier. Fig. 2.6 shows a flowchart summarizing the data processing

process.

Figure 2.6: Flowchart of CSM grid indentation data processing.

2.2.3 Phase verification

In order to determine the phases present in each sample and estimate the volume

fractions of the phases, the following microscopy methods and models were used.

After indentation tests were completed, the Al-Si ceramic samples were gold sputtered

before being placed into a JEOL-7000 SEM equipped with an Oxford EDX for chemical

analysis and qualitative determination of the average characteristic lengths of the phase

distributions in both mixtures. Imaging was performed using an accelerating voltage of

20keV at a working distance of 10 mm. EDS maps of indentation areas were obtained for

both ceramic samples along with isolated spectra at points located within distinct phase

constituents in both mixtures.
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The NIST CEMHYD3D model [9] was used to model the microstructure of the OPC

0.5 sample tested in this study and also the OPC 0.36 sample from Sebastiani et al. [76].

The number of hydration cycles performed by the model were 600 and 1200 for the OPC

0.36 and 0.5 samples respectively to account for the different curing durations prior to

nanoindentation. The cement for both samples was approximated as CCRL cement 133 for

the model input. The input files for the CEMHYD3D v3.0 code are included in the

appendix along with the Matlab program used for plotting a cross-section of each

microstructure.

2.3 Results

2.3.1 Clustering of high-speed nanoindentation data

Results of Gaussian mixture modelling and clustering of the 0% and 100% SoC

LixMn2O4-based composite datasets are shown in Fig. 2.7 and 2.8 respectively. For the 0%

SoC sample, the BIC indicates that four clusters (i.e. phases) provide the most probable

GMM. The posterior probability of the mean of each of these clusters lies around 80%,

suggesting that their assignment is probable although significance is not implied by the

PDF.

The 100% SoC sample dataset was determined to have three clusters according to BIC.

The posterior probability of these cluster assignments appears to be more likely compared

to the four clusters assigned to the 0% SoC sample. This observation may be attributed to

more pronounced clustering of the data, and/or the the removal of an additional cluster to

share likelihood with.

Fig. 2.9 details the analysis of the OPC 0.36 sample dataset. Although the BIC for the

OPC 0.36 data was technically lowest for three clusters, k=3, the authors originally used

k=4 in their CDF deconvolution [76] so k=4 is used here as well since the BIC is only

marginally higher than that of k=3. The distributions assigned to each cluster overlap

greatly in the PDF of Fig. 2.9. When the posteriors are considered it is apparent that the
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means of clusters 3 and 4 are more likely assigned to cluster 1 (Fig.2.9 c). The most

probable posterior in this GMM is in fact the cluster attributed to modulus values >60

GPa or <10 GPa, likely corresponding to unhydrated or porous phases respectively.

An apparent issue with this large OPC 0.36 dataset is the largeness itself (33,134

indents). The BIC does not penalize higher model orders when the sample size is increased

[88]. This may effectively allow the data to be “over-fit” in the sense that additional

phases may be assigned to intermediate clusters to improve the overall likelihood. For an

example of this, roughly half of the data in the Gaussian distribution of cluster 4 in Fig.

2.9 is more likely to belong to cluster 1. The same is true for a greater portion of cluster 3.

The number of data in these seemingly unnecessary clusters is too great for the maximum

likelihood algorithm to disregard, however.
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Figure 2.7: GMM selection and cluster assignments for the high-speed indented 0%
SoC sample. Vertical lines represent individual test results and may appear as solid fill
where data are abundant.
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Figure 2.8: GMM selection and cluster assignments for the high-speed indented 100%
SoC sample. Vertical lines represent individual test results and may appear as solid fill
where data are abundant.
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Figure 2.9: GMM selection and cluster assignments for the high-speed indented OPC
0.36 sample. Vertical lines represent individual test results and may appear as solid fill
where data are abundant.
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2.3.2 Clustering of nanoindentation data with filtering for self-similarity

In this section, GMM and clustering is presented for the Al-Si ceramics and OPC 0.5

sample datasets after filter stage 1 was performed to remove aberrant and dissimilar tests.

These results are considered to be what the traditional statistical nanoindentation [16]

results would be, although the automated preprocessing of data may be more stringent

than the manual validation of data quality originally proposed, as mentioned earlier in the

methods. Table 2.3 shows the efficiency of each filter phase, suggesting that indeed the

algorithmic filtering does in fact eliminate more tests than stated for original statistical

nanoindentation studies [16].

Table 2.3: Grid indentation preprocessing filter efficiencies

Filter 1 Filter 2
Sample Completed tests, N # of tests passed % passing # of tests passed % passing
Al-Si 9:1 400 147 37% 40 10%
Al-Si 2:1 399 295 74% 31 8%
OPC 0.5 391 135 34% 20 5%

The Al-Si 2:1 sample yielded about twice as many self-similar tests than the Al-Si 9:1

and OPC 0.5 samples (Table 2.3). This discrepancy could be attributed to the different

surface roughness of each sample, as seen in the topography of the Al:Si samples

determined from AFM (Fig. 2.10). Possible relief between phases in the Al-Si 9:1 sample

can be observed while the Al-Si 2:1 sample containing one dominant mullite phase (as

discussed later) provides a flatter surface. The surface roughness can diminish the yield of

valid results, and these results may also suggest that the heterogeneity of the

microstructure influences the surface roughness.

However, both of these samples satisfied the proposed RMS requirements for statistical

nanoindentation [51]. Close examination of Fig. 2.10 indicates that flat surfaces are

present throughout the sample, except where there is suspected relief between phases.

Should an indent land in an area of topographic relief, it is highly likely that this is the

location of a phase boundary therefore providing a heterogeneous RVE. As previously
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(a) Al-Si 9:1 (b) Al-Si 2:1

Figure 2.10: Representative AFM scans of Al-Si samples

remarked, the possibility of a heterogeneous RVE may not only be encountered at visible

surface boundaries of phases, but also at various depths for locations where Buckle’s rule

inevitably does not hold true. Therefore it is reasonable to assume that the heterogeneity

of phases in the microstructure of each sample, which will be presented in section 2.3.4,

dictates the yield of self-similar test results when an acceptable surface roughness is

present. Nevertheless, both filter stages are highly effective in eliminating tests that are

liable of influence from the microstructure (Table 2.3).

The BIC indicates k=2 for the Al-Si 9:1 sample (Fig. 2.11), whereas k=3 is suggested

for the Al-Si 2:1 sample (Fig. 2.12). The model order of k=3 was also a likely candidate

for the Al-Si 9:1 sample, however. Posterior probabilities of all cluster assignments in both

samples are generally higher than 95%, which suggests that the assigned GMM provides a

high likelihood for all of the clustered data. This differs from the results of the high speed

datasets where the probability of some clusters was reduced in order to increase the overall

likelihood of the GMM.

For the OPC 0.5 sample, no separate clusters were assigned according to the BIC, as

shown in Fig. 2.13. It should be noted that one outlier test with modulus >90GPa was

excluded from this dataset, since it would simply be assigned a separate erroneous cluster
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in the GMM. The lack of data >60 GPa can be attributed to the higher w/c ratio used, as

will be discussed later.
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Figure 2.11: GMM selection and cluster assignments for the Al-Si 9:1 after filter 1.
Vertical lines represent individual test results and may appear as solid fill where data are
abundant.

33



1 2 3 4 5

k

3000

3100

3200

3300

B
IC

(a) BIC for different models

50 100 150 200 250 300 350

Elastic Modulus (GPa)

0

0.02

0.04

0.06

0.08

0.1

F
re

q
u

e
n

c
y

Data, Cluster 3

Data, Cluster 2

Data, Cluster 1

PDF, Cluster 1

PDF, Cluster 2

PDF, Cluster 3

Total PDF

(b) Probability density function of cluster assignments

50 100 150 200 250 300 350

Elastic Modulus (GPa)

0

0.2

0.4

0.6

0.8

1

P
o

s
te

ri
o

r 
P

ro
b

a
b

ili
ty

Data, Cluster 3

Data, Cluster 2

Data, Cluster 1

Posterior, Cluster 1

Mean, Cluster 1

Posterior, Cluster 2

Mean, Cluster 2

Posterior, Cluster 3

Mean, Cluster 3

(c) Posterior probability of cluster assignments

Figure 2.12: GMM selection and cluster assignments for Al-Si 2:1 sample after filter 1.
Vertical lines represent individual test results and may appear as solid fill where data are
abundant.
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Figure 2.13: GMM selection and cluster assignments for OPC 0.5 after filter 1.
Vertical lines represent individual test results and may appear as solid fill where data are
abundant.
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2.3.3 Clustering of nanoindentation data filtered for self-similarity and

structural compliance

After filter stage 2, where the indents with additional structural compliance are

discarded, 10% or fewer data of the indents performed remain (Table 2.3). The number of

tests is still roughly a magnitude of order higher than k, so the statistical analysis may

still offer some insight [10, 31].

The BIC strongly indicates that k=2 for the Al-Si 9:1 sample. Fig. 2.14 shows this

improvement due to the additional filtering, including the increased posterior probability

of the clusters. Fig. 2.15 shows the determination of four clusters for the Al-Si 2:1 sample,

all of which appear to be significant.

While the original results for the OPC 0.5 sample did not have any apparent clusters,

the compliance filtered data yield the lowest BIC for k=2 followed by k=4 (Fig. 2.16).

The posterior probability of the two clusters in the selected GMM are nearly 1.

Table 2.4: Summary of filtered CSM nanoindentation data deconvolution using belief-
based clustering.

Cluster: 1 2 3 4
Filter Sample µ σ2 fJ µ σ2 fJ µ σ2 fJ µ σ2 fJ

1
Al-Si 9:1 259.75 65.54 0.61 410.24 25.68 0.39
Al-Si 2:1 241.70 18.40 0.70 83.64 4.93 0.10 169.08 55.88 0.20
OPC 0.5 30.65 7.76 1.00

2
Al-Si 9:1 269.81 42.45 0.73 413.64 17.59 0.27
Al-Si 2:1 80.42 2.37 0.23 198.81 10.20 0.22 241.28 10.37 0.40 129.88 12.77 0.16
OPC 0.5 44.23 6.80 0.27 34.14 2.41 0.73

Table 2.5: Summary of high speed nanoindentation data deconvolution using belief-
based clustering.

Cluster: 1 2 3 4
Sample Sample size, N µ σ2 fJ µ σ2 fJ µ σ2 fJ µ σ2 fJ
SoC 0% 817 13.08 5.31 0.23 99.43 32.34 0.19 60.92 18.56 0.34 28.60 9.90 0.24
SoC 100% 861 29.01 14.29 0.50 70.29 18.34 0.49 150.82 26.47 0.01
OPC 0.36 33,134 31.55 5.56 0.49 76.94 27.29 0.17 28.84 5.10 0.26 43.61 10.03 0.08
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Figure 2.14: GMM selection and cluster assignments for Al-Si 9:1 sample after filter 2
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Figure 2.15: GMM selection and cluster assignments for Al-Si 2:1 sample after filter 2
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Figure 2.16: GMM selection and cluster assignments for OPC 0.5 after filter 2
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2.3.4 Phase verification

Phase verifications were performed for all of the samples except the LixMn2O4-based

cathode material datasets that were obtained from [57]. The verifications were performed

in the methods deemed best for qualitative discussion, rather than overall quantitative

accuracy.

The SEM-EDS analysis of the Al-Si 9:1 sample is shown in Fig. 2.17. The

microstructure appears to have two distinct phases of different Al/Si. According to the

phase diagram of Toroprov and Galakhov [86], the sintering process should have produced

Al2O3 agglomerated by an Al-rich mullite phase [29]. EDS spot scans of phase, spectras

for which are included in the appendix, show agreement with the phases suggested by the

literature. EDS mapping of the microstructure was used to produce a segmented image of

the phases (Fig. 2.17 e) suggesting volume fractions of 55% Al2O3, 45% mullite, and 3%

porosity.

The composition of the Al-Si 2:1 theoretically should have been predominantly mullite

with an excess solid solution. Fig. 2.18 seems to confirm crystalline needles formed during

the sintering process and were agglomerated by the excess solution with higher Si

proportions. EDS spot scans (see appendix) for the phases also showed agreement with

literature. The estimated volume fraction of mullite produced was 72% with 28% solid

solution (Fig. 2.18 e)

The OPC sample phases were estimated using the NIST model to obtain clear phase

distinctions as seen in Fig. 2.19 and 2.20 for the 0.36 and 0.5 w/c samples respectively.

The results support the expected behavior that the higher w/c ratio of 0.5 with a lower

curing duration did result in slightly more calcium silicate hydrate (C-S-H) formation at

the cost of additional porosity. Different densities of C-S-H formed were not distinguished

in the modelling approach since the more porous products are likely to be filtered out

based on prior microscopic analysis and testing [23]. The calcium hydroxide (CH) content

of both OPC samples is reported to be similar in the models.

40



25 µm

(a) Overall intensity map

25 µm

(b) Aluminum

25 µm

(c) Silicon

25 µm

(d) Oxygen

25 µm
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Figure 2.17: SEM-EDS analysis of Al-Si 9:1 sample.
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(e) Segmented image: 72% mullite (red) and 28% solid solution (black)

Figure 2.18: SEM-EDS analysis of Al-Si 2:1 sample.
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Figure 2.19: CEMHYD3D model output for OPC 0.36 sample
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Figure 2.20: CEMHYD3D model output for OPC 0.5 sample
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2.4 Discussion

2.4.1 LixMn2O4-based cathode materials

The data obtained by Mughal et al. [56, 57] were re-analyzed in this study. The

samples were comprised of LixMn2O4 particles embedded in an epoxy matrix with some

polyvinylidene fluoride and carbon black constituents [3, 56]. Theoretically, this should

have corresponded to two primary phases although the crystal orientation can influence

the indentation response of the LixMn2O4 phase [3]. Based on the literature, the

LixMn2O4 phase should have a modulus of approximately 87 GPa or 104 GPa For 0% and

100% SoC respectively, though reported values range between 80-200 GPa [2, 56]. The

primarily epoxy matrix could be expected to have a modulus <10 GPa [3].

The results for the 0% and 100% SoC samples both report an intermediate phase or

two between the moduli values for the anticipated phases. These intermediate phases

could be attributed to the additional structural compliance encountered at indents near

phase boundaries, especially since the epoxy matrix was significantly weaker than the

LixMn2O4 phases. The gradients near phase boundaries observed in the grid indentation

maps presented by Mughal et al. [56] support this theory. These high speed

nanoindentation datasets not only neglect to account for potential sources of structural

compliance, but they also have not been methodically checked for self-similarity. The

results of this analysis suggest that increasing the number of indents, N , does not actually

improve the signal-to-noise ratio if indentation quality is not assured.

It should be noted, however, that a difference can be observed between the results for

the 0% and 100% SoC samples. Of the four phases determined for 0% SoC, the one

centered around 100 GPa most likely corresponds to the LixMn2O4 phase (Fig. 2.7). For

100% SoC, where k=3, the phase around 150 GPa is the more likely candidate to contain

indents attributed to the LixMn2O4 phase (Fig. 2.8). While this roughly correlates to the

strength gain expected for the higher SoC [2, 56], the 150 GPa phase contains only several

tests. This indicates that the entire LixMn2O4 phase may not have adhered to the
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structural change. Upon further inspection of the grid indentation maps presented in Fig.

1 of [56], it can be confirmed visually that the higher moduli values are all localized in one

larger particle of LixMn2O4. This observation is likely attributed to different levels of

lithiation of particles, which has been found to affect stiffness measurements [2]. The

packing of LixMn2O4 particles also appears to be somewhat denser in the SoC 0% sample.

Porosity within the particles, as revealed by FIB-SEM microscopy [3], could also have

diminished the indentation response of the SoC 100%.

Nevertheless, these results suggest that some information can be gleaned from

statistical nanoindentation concerning changes in a single phase property for samples of

the same intrinsic microstructure, even without preprocessing of the data. A main

assumption of this capability is that the influence of the microstructure remains relatively

constant for both samples, while the properties of a single phase are altered. This is only a

qualitative observation in this case, however, and is more appropriately interpreted from

the grid indentation maps originally presented by Mughal et al. [56]. Higher resolution

maps obtained in a rapid manner are the primary reason to perform high speed

nanoindentation [36], so the qualitative contributions of the statistical analysis may be

redundant.

2.4.2 Al-Si ceramics

According to the microscopic analysis, the Al-Si 9:1 sample is comprised of two distinct

phases that should exhibit different mechanical properties. Fittingly, the statistical

analysis suggests that two phases are present, both with and without compliance based

filtering. The clusters are centered around Gaussian peaks/means of 410 GPa and

260-270 GPa (Table 2.4), likely corresponding to the Al2O3 and mullite phases

respectively. These values agree with moduli presented in literature for each phase,

although the mullite phase is higher than the documented value of near 240 GPa [43].

Nanoindentation has previously reported higher values for mullite, however, and the higher

Al content in this sample may also increase the strength [11, 29].
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While the cluster means for the Al-Si 9:1 sample remain relatively constant before and

after compliance filtering, the volume fraction of the phases is altered. The Al2O3 phase is

only 27% after compliance filtering, compared to 39% beforehand (Table 2.4). Considering

the microscopic analysis, which suggested 55% Al2O3, there is an apparent bias against

this phase concerning valid indents where continuity is preserved. Because of relatively

limited sampling and resolution, grid indentation is not the most accurate method of

measuring volume fractions. However, these results support the notion that grid

indentation can be coupled with preprocessing and an unbiased statistical analysis to

accurately determine phase properties.

Prior to compliance filtering of the Al-Si 2:1 dataset, three phases were determined

(Fig. 2.11). Two clusters centered around 240 and 80 GPa likely correspond to mullite and

a higher Si content phase respectively [43, 65]. The third cluster is spread in between these

clusters and could be interpreted as an erroneous intermediate phase that is comprised of

indents with additional structural compliance. The compliance filtered results suggest four

phases, however. Similar to the initial results, there are two clusters around 240 and 80

GPa but there are now two intermediate phases around 200 and 130 GPa. These

intermediate phases are unlikely to be the result of additional structural compliance. The

variability of these phases seems to be a more appropriate explanation for these separate

mechanical phases.

Although the microscopic analysis and literature suggest two primary phases for the

Al:Si 2:1 sample, the formation and assemblage of these phases present greater complexity.

The mullite needles formed in these samples would likely yield varying indentation

responses based on orientation. The excess solution phase also may vary due to variable

composition since it is an undefined sintering byproduct. These are all possible

explanations for additional mechanical phases determined by the statistical analysis.

As seen in the Al-Si 9:1 sample, the volume fractions of the Al-Si 2:1 sample results

suggest that there is bias in the mechanical response of certain phases. The primary
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mullite phase of 72% vol. according to the microscopic analysis, is reduced to a mere 40%

in the fully filtered nanoindention results. There appears to be a trend with both Al-Si

samples where stronger phases are more likely to provide an invalid indentation response.

If the thin-film analogy exploited in the original statistical nanoindentation technique were

appropriate, the substrate influence (i.e. structural compliance) would be just as likely for

the weaker phases. The bias observed in these results further suggests that the thin-film

analogy cannot fully explain the influence of a heterogeneous microstructure on

nanoindentation responses. Interaction between phases cannot be dismissed for

microstructures with the level of heterogeneity seen in the samples discussed here.

The need for compliance filtering in order to employ the continuum analysis may be

fundamentally clear, yet the results shown for the Al-Si samples without compliance

filtering show better agreement with the volume fractions determined from microscopy.

This is particularly evident for the Al-Si 2:1 sample, where 70% of indents were attributed

to the mullite phase by the clustering algorithm (Fig. 2.12, Table 2.4), which agrees with

the 72% determined by microscopy (Fig. 2.18). This corroborates with the original

validation of the method where the anticipated volume fractions were obtained in the

statistical analysis of the indentation grid [16]. Moreover, agreement between microscopy

and statistical nanoindentation volume fractions was even accomplished for an alkali

activated fly ash cement by Das et al. [21].

However, this finding should not come as a surprise since the original method specified

that each indent should be a statistically independent event over an appropriately spaced

grid over a representative area. By applying a filter for indent quality, the statistical

representation of the grid is greatly disturbed. This does not outweigh the importance of

ensuring indent quality, but perhaps for certain microstructures (of limited heterogeneity),

the assigned Gaussian distributions can effectively account for the additional structural

compliance that a given phase may exhibit.

Why then do the LixMn2O4 composites not also replicate these results in achieving
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remotely accurate volume fractions of phases? As suggested earlier, a likely cause for the

erroneous phases in the high speed nanoindentation data could be the lack of a filter for

even the self-similarity of indents. The Gaussian distribution may accommodate

compliance or interaction between phases to some extent, although the original method

explicitly assumes no interaction [16], but dissimilar indentation data cannot provide

relevant data. While filtering the indentation data can improve the reliability of the data,

the statistical significance, especially regarding phase volume fractions is greatly

diminished. These limitations are important to consider when applying the statistical

nanoindentation technique.

2.4.3 Ordinary portland cement

The OPC 0.36 high speed nanoindention dataset was originally deconvoluted using the

CDF and a minimum square error algorithm in [76]. Four phases were found to provide

the most stable deconvolution and were assigned to three C-S-H phases of varying

densities and a clinker phase [76]. The belief-based clustering employed here also supports

the selection of a four phase GMM (Fig. 2.9). The assigned clusters differ here, however,

with clusters identified around 29, 32, 44, and 77 GPa. Even though there was substantial

content of unhydrated clinker in the microstructure ([76] and Fig. 2.19), the clustering

algorithm did not allocate a cluster to values >100 GPa that are characteristic of clinker

phases [96]. Given the high signal-to-noise ratio of the dataset [76], one would expect the

unbiased statistical algorithm to at least make the distinction of hydrated and unhydrated

products from this dataset.

High speed nanoindentation may be able to provide an unprecedented number of data

with impressively well fitting statistical deconvolutions, but as stated earlier, the

signal-to-noise ratio may not actually improve. A rising concern then is that perhaps some

of the various clusters assigned to the OPC 0.36 dataset are simply erroneous phases, as

seen with the LixMn2O4 samples. Ranging densities of C-S-H are a convenient explanation

for the various phases with valid support in literature [37, 87], but this may not be the
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true cause for the according indentation responses. This theory is easily confirmed by

considering that over 90% of indents were attributed to the proposed C-S-H phases in the

original CDF analysis of the dataset [76]. The microstructure modelled for the OPC 0.36

sample suggests that the total C-S-H content is very unlikely to exceed 50%. Furthermore,

the hydration model affirms that calcium hydroxide (CH) is a significant product, which

happens to have a modulus close to 42 GPa [34]. The conversion of calcium hydroxide

(CH) to calcium carbonate would also potentially conflict with the proposed ultra-high

density C-S-H phase with a reported modulus near 80 GPa [34]. The clustering of the

OPC 0.36 dataset (Fig. 2.9) does, however, agree with some accuracy to the phase

dominance of high density (HD)C-S-H and CH (Fig. 2.19) with reported moduli near 32

and 44 GPa respectively [34, 102]. Despite coincidental agreements of moduli, the

confidence of these cluster assignments is quite low (Fig. 2.9).

The recent use of quantitative SEM-EDS coupled with grid indentation addresses the

dilemma of discerning phase assignments in cementitious materials [102], which is

obviously a pitfall of the grid indentation method even with an extremely large sample

size, as demonstrated by the OPC 0.36 dataset. The study by Wilson et al. does not

account for the possibility of additional structural compliance, however. This study is the

first to methodically do so with the OPC 0.5 sample. Prior to compliance filtering, the

statistical analysis cannot infer any separate clusters in the OPC 0.5 dataset (k=1). The

mean is 30.65 GPa, coincidentally in the range often reported for HD C-S-H [102]. As by

design of the experiment and supported by the microstructural model, the lack of

unhydrated clinker in the sample likely plays a role in the results of a singular phase. The

automated self-similarity filter may have also eliminated phases strongly influenced by

remnant clinker particles.

When compliance filtering is applied to the OPC 0.5 sample, the range of the dataset

is narrowed further. The filter discarded all indents with moduli <30 GPa. A possible

explanation could be that the tests were too greatly influenced by porosity and therefore
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did not satisfy continuity. This supports the assumption made earlier to neglect the

differentiation of low and high density C-S-H products in the model, based on similar

findings previously made by Davydov et al. [23]. Two clusters centered around 34 and 44

GPa are proposed in this GMM. These moduli likely correlate to C-S-H and CH phases

respectively (with the possibility of the CH phase being intermingled [14, 102]) considering

their dominant presence in the microstructure, as observed in the model image of Fig.

2.20. Although the posteriors of the cluster assignments are quite high (Fig. 2.16), a

complimentary method like quantitative SEM-EDS would still be necessary to confirm

these phase assignments [102].

While complimentary microscopic analyses are useful for determining the indented

phases, especially for OPC [53, 102], the underlying microstructure is not observed. This

literal oversight was emphasized by the 3D FID-nt analysis and discussion from Trtik,

Lura, and Münch [49, 90]. The results of the CSM indented OPC 0.5 sample demonstrate

that only 5% of grid indents can be considered continuous. The yield of this test is not

efficient or impressive, but it does show that grid indentation can be used to obtain

reliable moduli values for OPC. The caveat here is that porous phases and relatively

stronger and less prominent phase like clinker are discarded from the dataset, and only the

most voluminous phases are retained and reported. Conveniently, the reliably measured

phases of grid indentation of OPC were found to correspond to the main hydration

products that are often of interest. In this way, the argument made by Ulm et al. for the

presence of continuous volumes of hydration products in OPC microstructures is proven to

be true to a limited extent [94]. Statistical nanoindentation with preprocessed results

based on CSM data could be a viable method for assessing the properties of the dominant

C-S-H/CH phases in OPC.
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2.5 Conclusions

When analyzing unfiltered high speed nanoindentation data, erroneous clusters with no

clear phase assignment were observed. This is likely due to additional sources of structural

compliance from the heterogeneous microstructure, effectively proving that a larger sample

size does not necessarily improve the accuracy or “signal-to-noise” ratio of the results. The

belief based clustering method is unbiased and has no method for identifying erroneous

clusters. Hence, it is necessary to ensure that only valid indentation data is being input

to the statistical analysis. The results of this study generally suggest that the “noise” and

wide data range observed in statistical nanoindentation results [48] are likely associated

with indentation tests not conforming to the assumption of continuum mechanics.

By filtering the grid indentation results for self-similarity in an automated fashion, the

statistical nanoindentation method was shown to provide reasonable and useful results for

Al-Si ceramic samples. No clear phase distinction was provided for the OPC 0.5 sample at

this filter level. To a certain extent of microstructure heterogeneity and phase contrast,

the Gaussian distributions applied to prospective phases in statistical nanoindentation

may accommodate for the influence of the microstructure. This would explain the original

validation of the method. With the modifications of automated data pre-processing and

belief-based clustering algorithms, the original statistical nanoindentation method appears

to be valid for the Al-Si samples while hydration products could not be discerned in the

OPC 0.5 sample. This method may be suitable for discerning phases of substantially

different moduli if the phase(s) of interest is not notably effected by compliance.

Clearer distinctions of phases/clusters was achieved by further filtering of datasets to

eliminate tests affected by additional sources of structural compliance. The complexity of

the Al-Si and OPC microstures examined in this study yielded less than 10% of performed

indents after this filter. The low sample size remaining therefore diminishes the

significance of the results, although ”noise” (i.e. discontinuous tests) is eliminated.

However, separate phases of hydration products were successfully suggested for the OPC
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0.5 sample after this additional filter and the clarity of phase distinctions in the Al-Si

samples improved slightly.

In order to obtain reliable phase properties, even larger arrays of indents are

recommended for future work if compliance filtering is to be performed. Both filter stages

were also observed to present some bias against lower moduli values, where porosity may

have been present. Phases with higher moduli relative to neighboring phases were also

observed to be subject to bias in the data filters. All of the limitations discussed in this

paper should be considered before performing statistical nanoindentation for a composite

material.
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CHAPTER 3

QUALITY ASSESSMENT OF GEOPOLYMERS USING THE FORMATION
FACTOR

3.1 Introduction

According to the study by Heath et al., geopolymers produced from calcined clays can

result in 40% less CO2 emissions compared to ordinary portland cement (OPC), though

other environmental impacts of geopolymer production may increase relative to OPC [35].

Commercial adoption of geopolymer based “E-CreteTM” in Australia has demonstrated the

feasibility of geopolymer binders for reducing the CO2 footprint of concrete [95]. However,

there is no standardized test method specifically designed to evaluate the durability of

these alternative cements, which limits their implementation [95].

Durability concerns for geopolymers in concrete include the possibility of effloresence or

subfloresence [104, 105], carbonation [68], and the ingress of chloride ions for reinforced

concrete applications. The diffusivity of ions in the saturated microstructure can be seen

as a common enabler of these possible degradation mechanisms [54, 64, 105]. A method of

quantifying this diffusivity of ions, as well as the availability of excess alkali ions in

geopolymer microstructures can provide useful insight into the durability and overall

quality of the material.

The diffusivity is a function of the porosity of the microstructure and can be

interpreted from the flow of electrical current [32]. Derived from Archie’s law, the

formation factor describes a fundamental material property of non-conductive porous
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media saturated with a conductive fluid [81]. The formation factor, F , can be calculated

from the following equation,

F =
ρ

ρo
=

1

φβ
(3.1)

where ρ is the effective bulk resistivity, ρo is the pore solution resistivity, φ is the

volume fraction of saturated porosity, and β is a connectivty factor describing the

“tortuosity” of the pore network [32]. These components of the formation factor

measurement are illustrated in Fig. 3.1.

Figure 3.1: Illustration of formation factor components for a saturated porous
microstructure.

In this study, a method for determining the formation factor of geopolymers is

presented. The method requires measuring the bulk resistivity of a geopolymer specimen

in a saturated condition while simultaneously knowing the pore solution resistivity. The

concern of pore solution alkalinity leaching during saturation in solution must be

addressed in this process since it can dramatically influence formation factor measurement

[46, 82].

Contrary to OPC systems, the sodium or potassium aluminosilicate hydrate (N-A-S-H

or K-A-S-H) reaction products in geopolymers based on low calcium precursors such as

metakaolin or class F fly ash do not directly incorporate water into the molecular structure

and instead confine it to the pore solution [66, 100]. The geopolymer pore solution is of

high alkalinity, with comparable initial pH to that of OPC [46]. The pore solution
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alkalinity of cement is conventionally determined through a pore water extraction method

where cement samples are compressed at high-pressures to express the pore solution

followed by chemical analysis of the extracted solution [5]. However, Lloyd et al. found

that pore water extraction may lead to underestimation of the alkali content of low-Ca

geopolymer pore solutions [46].

A likely explanation for why the pore water extraction method underestimates the

alkali concentration in geopolymer pore solutions is because of alkali binding. Nuclear

magnetic resonance (NMR) studies of Na and K ions in geopolymers indicate that aqueous

alkali ions can be weakly bound to the aluminosilicate matrix in disordered configurations

[73, 79]. Yet long-term leaching studies report that these weakly bound alkali are capable

of diffusing [61], which suggests that they can also contribute to the bulk electrical

measurement of a saturated geopolymer specimen. Therefore, a leaching procedure may be

more appropriate for quantifying the alkali ions in geopolymer pore solutions that

influence the electrical properties.

In this study, the ions assumed to be capable of conducting electricity through the pore

solution are referred to as free alkalis. The free alkalis are to be quantified using a leaching

procedure in order to estimate the pore solution conductivity and calculate the formation

factor. Allahverdi et al. recently proposed a convenient leaching procedure for determining

the free alkali content of geopolymers [1]. However, the work presented by Allahverdi et al.

offered no information on the determination or effectiveness of their proposed leaching

procedure [1]. Hence, the first part of this study explores different aspects of alkali

leaching in geopolymers in order to determine an improved procedure for measuring all

free alkalis.

Once a reliable method for measuring free alkalis is obtained, the formation factor

measurement becomes feasible. Specimens can be saturated in a known volume of water so

that the concentration of alkalis leached can be determined at the time of resistivity

measurement. The average internal alkali concentration and temperature during the bulk
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resistivity measurement can then be used to calculate the conductivity of the pore solution

[77]. The objective of this study is a formation factor method that can quantitatively

describe the microstructure of geopolymers. The accuracy of this quantitative method can

be gauged to some degree by qualitative observations from microscopy [12].

3.2 Methodology

3.2.1 Specimen preparation

Metakaolin geopolymers were prepared with input molar ratios of 2.5, 0.9, and 15 for

Si/Al, M/Al, and H/M (where is M is Na or K). Both K and Na mixtures were produced

with these ratios. The activator solutions were prepared 24 hours prior to mixing to allow

equilibrium and ambient temperature to be reached. Due to limited workability, vibration

was used to enhance the mixing of metakaolin with the activator solution. Cylinders 52

mm in diameter and 102 mm in height were cast and consolidated using vibration as well.

The specimens rested until 90 minutes after initial mixing and were then placed in either

60◦C or 80◦C ovens for 48 or 24 hours respectively. Isothermal calorimetry performed at

20◦C (Fig. 3.2) suggested that these durations could provide effectively complete

polycondensation of the geopolymers. Moreover, the higher curing temperatures further

accelerate the reaction processes [52].

Table 3.1: Mixture compositions by weight fraction of constituents.

M Metakaolin M -Silicate Solution Anhydrous M -OH Additional H2O Curing Temperatures (◦C)

Na 0.40 0.20 0.11 0.29 60, 80
K 0.39 0.36 0.07 0.18 60, 80
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Table 3.2: Metakaolin composition from manufacturer.

Oxide % wt.

SiO2 51.0 - 52.4
Al2O3 42.1 - 44.3
Fe2O3 0.30 - 0.50
TiO2 1.56 - 2.50

Table 3.3: Composition of silicate solutions.

M SiO2 Na2O H2O

Na 0.29 0.09 0.62
K 0.24 0.15 0.61
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Figure 3.2: Isothermal calorimetry of Na and K mixtures at 20◦C. Initial dissolution
peak was not fully measured.

3.2.2 Measuring free alkalinity

Titration

An acid-base titration procedure was used to analyze the alkalinity of samples throughout

this study. While Allahverdi et al. used 0.1 N HCl and phenolphthalein as an indicator to

perform the acid-base titration [1], the present study uses 0.05 M HCl and methyl orange

as an indicator. The lower concentration titrant was chosen to improve precision, along
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with a Grade A buret. The slightly acidic endpoint determined using the methyl orange

indicator ensures that all of the alkalis present are quantified, regardless of whether

carbonation occurs [24].

Factors influencing free alkali leaching

The method proposed by Allahverdi et al. was used as a starting point to develop an

improved leaching procedure. First, the choice of deionised water or ethylene glycol as a

solvent was considered. Then other factors such as particle size, leaching time, solvent

volume, and solvent temperature were evaluated. Based on the results of these trials, a

revised method was designed.

Geopolymer specific leaching procedure

In the improved method resulting from the prior section, 1g of dry crushed paste sample

passing a 150 µm sieve is weighed to the nearest 0.0001 g as w. The sample is stirred

(using a magnetic stir bar) in 40 mL of deionized water for 20 min at a temperature of

60◦C in a sealed flask. The filter apparatus is comprised of a buchner funnel with filter

paper and a vacuum line attached to the flask below. Prior to adding the sample, the filter

paper is wetted with exactly 10 mL of deionized water. The entire leaching solution is

then poured over the filter to remove the sample particles. The volume of filtrate Vf is

recorded before 5 mL of the filtrate is precision pipetted into a flask for titration along

with a sufficient amount of deionized water (approximately 30 mL) and methyl orange

indicator (2-3 drops). The pipetted volume, Vp, can be increased for samples with lower

free alkali contents to maintain accurate titration measurements. The total volume of acid

consumed during titration is recorded as Va. The concentration of acid should be

calibrated and recorded as CHCl prior to testing. The free alkalinity, n, in mol/g of

crushed dry sample is calculated using Eq. 3.2.
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n =

CHCl × Va ×
Vf
Vp
× 40mL

Vf − 10mL
× 1L

1000mL

w
(3.2)

By accounting for any solution retained on the sample or filter paper, Eq. 3.2 provides

additional precision in calculating the leached alkali in solution prior to filtering. For

clarity, this procedure is referred to as the geopolymer (GP) hot water extraction (HWE)

method since there are several other HWE methods used for OPC that use different

parameters [67].

Comparison to the Espresso Method

The espresso leaching procedure was originally proposed by Fournier et al. for determining

the pore solution alkalinity of OPC specimens [30]. A recent review of pore solution

measurement techniques for OPC suggests that the espresso method is highly repeatable

regardless of initial sample water content, unlike pore water extraction that requires a

sufficient volume of pore water [67]. This attribute is desireable for geopolymers, which

can contain limited pore water in an in-situ state [66]. The GP HWE method, designed

specifically for geopolymers following section 3.2.2, was compared to the following

adaptation of the espresso method in order to determine if the espresso method is also

suitable for geopolymers.

The implementation of the espresso method used in this study was modified slightly to

accommodate a smaller sample of cement paste, rather than a larger sample from concrete

containing aggregate. Near 1.0000 g of dried particles <150 µm were collected and

weighed as w. The sample was then placed in the same filter setup as described earlier for

the GP HWE method. A graduated cylinder was used to measure 80 ml of boiling

deionized water which was then carefully poured over the sample in the filter apparatus.

The use of the attached vacuum line was found to be necessary for the repeatability of this

espresso procedure as was noted the original method as well [30]. The volume of filtrate,
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Vf , was then measured (in mL) before precision pipetting at least a 5 mL aliquot, Vp, for

titration to determine the alkali concentration. Aliquots from both the espresso and GP

HWE methods were also taken for analyis via inductively coupled plasma optical emission

spectrometry (ICP-OES) to validate the titration results and method. The free alkali

content, n, in mol/g of dry sample is calculated from titration by Eq. 3.3.

n =

CHCl × Va ×
Vf
Vp
× 1L

1000mL

w
(3.3)

3.2.3 Measuring formation factor

Bulk resistivity: ρ

After demoulding specimens, 5-10mm thick slices of the 52 mm diameter cylinders were

slowly cut using a diamond grinding blade. The thin specimen geometry was found

necessary to mitigate cracking during saturation. The specimens were then saturated in

100 mL of deionized water by keeping them in a chamber above 95% vacuum for at least 3

hours, which was found to be long enough for air bubbles to cease emerging from the

specimens-signifying complete saturation. Specimens remained saturated for 18-24 hours

to allow for the pore solution alkalinity to decrease and approach an equilibrium with the

storage solution. Specimens were removed from storage solutions, and the geometry, mass,

and temperature were recorded immediately prior to impedance measurement. The bulk

impedance of specimens was measured using an HP 4194A AC Impedance Analyzer and

two stainless steel plate electrodes with sponges saturated in a sodium hydroxide solution,

as shown in Fig. 3.3. Only the resistance at 1 kHz was used for further calculations since

this is the frequency used by certain commercial products designed for analyzing concrete.

It was especially necessary to subtract the resistance of the sponges from the bulk

measurement due to the low resistance of the relatively thin geopolymer paste specimens

[84]. The bulk resistivity, ρ, was calculated from the bulk impedance measurement using

the geometric correction factor k = A
L

, where A and L are the cross-sectional area and
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length of the specimen respectively [83].

Figure 3.3: Setup for measuring the effective bulk resistivity.

Pore solution resistivity: ρo

In order to determine the pore solution resistivity at the time of bulk sample

measurement, the average pore solution concentration was determined from the initial free

alkalinity of the geopolymer and the alkalinity of the storage solution in which the bulk

sample was saturated. This approach is illustrated in the schematic of Fig. 3.4 and is

mathematically represented by Eq. 3.4 and 3.5. First, the espresso leaching procedure

described earlier and in [30] was employed to determine the initial free alkalinity inside the

sample, ni, of the geopolymers. Following sample removal and measurements, the alkali

concentration of the storage solution, Cout, was determined using the titration procedure

described earlier. The moles of alkali leached during sample saturation and storage, nout,

can then be calculated as,

nout = CoutVc (3.4)

Where Vc is the final volume of solution in the storage container. The average pore

solution concentration at the time of bulk impedance measurement, Cavg, is then

calculated from Eq. 3.5 as,

Cavg =
ni − nout

Vpore
(3.5)
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Where Vpore is the total volume of porosity, as determined from the mass of water

evaporated from the fully saturated sample upon drying at 60◦C until no change in mass

was observed.

Figure 3.4: Schematic of the method used to account for alkali leaching.

The model from Shcherbakov and Artekima [77], based mainly on the experimental

data gathered by Gilliam et al. [33], was used to calculate the pore solution conductivity

based on the measured temperature, T , and concentration, Cavg, pertaining to the bulk

impedance measurement. Following the work of Shcherbakov and Artekima [77], the

maximum electrical conductivity in S/cm, κmax, for a given temperature can be calculated

along with the corresponding concentration, Cmax, using the following equations:

KOH: Cmax = 5.16 + 4.04× 10−2T − 2.64× 10−8T 4 + 1.28× 10−12T 6

NaOH: Cmax = 3.68 + 4.04× 10−2T − 2.64× 10−8T 4 + 1.28× 10−12T 6

(3.6)

KOH: κmax = 0.370 + 8.50× 10−3T + 7.94× 10−5T 2 − 4.27× 10−7T 3 + 1.27× 10−9T 4

NaOH: κmax = 0.176 + 8.50× 10−3T + 7.94× 10−5T 2 − 4.27× 10−7T 3 + 1.27× 10−9T 4

(3.7)

For this study, the concentration of interest is Cavg so C = Cavg. The values of

concentration, C, normalized by Cmax can accurately predict the electrical conductivity, κ
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through the following relationship [77],

κ

κmax

= 2.38

(
C

Cmax

)
− 1.76

(
C

Cmax

)2

+ 0.37

(
C

Cmax

)3

(3.8)

This relationship is valid for concentrations greater than 0.1 M [77]. The electrical

conductivity, κ, is then converted from S/cm to the pore solution resistivity, ρo in Ω/m.

This approach is a viable alternative to the algorithms based on ionic strength that are

conventionally used to estimate pore solution resistivity of concrete [80], especially since

the systems investigated in this study include either K or Na almost exclusively in the

pore solution. Due to the high alkalinity of geopolymer pore solutions, the electrical

impedance is greatly affected by temperature as Melar et al. previously observed [50]. The

model from [77] provides an advantage over the ionic strength calculation by inherently

accounting for temperature. The model eliminates the need for an additional temperature

correction that requires assumed or experimentally determined coefficients to describe the

temperature dependence of the electrical measurement [20].

Moreover, the calculation of solution conductivity based only on the ionic strength does

not account for the experimental bounds of conductivity (Fig. 3.5) because a viscosity

factor was not included in the calculation. This could be an issue for geopolymers with

pore solution concentrations approaching the respective concentration of potassium or

sodium that yields the maximum conductivity (C/Cmax = 1 in Fig. 3.5). Although the

low-Ca geopolymers investigated in this study did not contain such high pore solution

concentrations based on free alkali leaching, this phenomenon may be present for

geopolymers (or other alkali-activated materials) with precursors containing higher Ca

content (e.g. slag) since they have been found to have significantly higher alkalinity pore

solutions because of preferential incorporation of Ca ions [46].
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Figure 3.5: Comparison of pore solution conductivity calculation based on ionic
strength [80] or the empirical model [77]

3.2.4 Complimentary characterization

Ultrasonic pulse velocity

To estimate the in-situ strength of each geopolymer type, the ultrasonic pulse velocity

(UPV) of end-cut cylinders from each type was measured using Pundit Lab+ (Proceq)

equipment. Cylinder ends were cut with a diamond grinding blade to provide a flat

contact surface.

Scanning electron microscopy

Small fracture specimens were obtained from the dried disc specimens previously used for

the formation factor measurement. A 10 nm layer of gold was sputtered onto the surface

to prevent charging during scanning electron microscopy (SEM) [7]. The fracture surfaces

of each geopolymer type were observed in a ThermoScientific Apreos SEM with an

accelerating voltage of 20 keV.
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3.3 Results and Discussion

3.3.1 Free alkali measurement

The objective of this part of the study was to determine a suitable leaching procedure

for measuring the free, readily leachable alkali content of a geopolymer to be used later in

estimating the pore solution concentration. The method proposed by Allahverdi et al. [1]

was used as a starting point from which the optimization of different aspects were

investigated. Sodium geopolymer cured at 60◦C was used for this section since more free

alkali ions may be observed for sodium than potassium [46].

The method used by Allahverdi et al. used ethylene glycol as a solvent at ambient

temperature. To investigate the effect of the solvent type and temperature, the use of

deionized water as a leaching solvent was compared to ethylene glycol at temperatures of

20◦C, 40◦C, and 60◦C, and the results are shown in Fig. 3.6. It is clear that using

deionized water and a temperature of 60◦C offers a significant increase in leached alkalis

during the 15 min duration. Based on these results, deionized water was selected as an

alternative solvent since it is more economical and effective. Because of these advantages,

deionized water is also a common solvent in leaching methods used for OPC [67].

Following the results presented in Fig. 3.6, 60◦C was selected as the temperature since

higher temperatures lead to excessive evaporation during the leaching duration.
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Figure 3.6: Comparison of water and ethylene glycol as solvents for alkali leaching at
various temperatures. The particle size, volume of solvent, and leaching time were <90
micron, 20 mL, and 15 min., respectively, as in the method proposed by [1]. Error bars
denote variability associated with the titration method.

The volume of solvent used was investigated next. Figure 3.7 displays the results of

leaching performed with 20 mL, 40 mL, and 60 mL volumes for a full 60 minutes. In Fig.

3.7, 60 mL is seen to increase the leached alkali content by an insignificant amount.

Considering the results of long term leaching studies [61, 79] that found alkalis to

continually leach until near exhaustion if provided replenished volumes of deionized water,

it is preferable to limit the volume in this case in order to prevent excessive leaching of

alkalis that are more incorporated in the aluminosilicate matrix of the geopolymer. These

more incorporated alkalis would not likely be in an aqueous, or free, state during the

electrical measurement of the bulk specimen later in this study and should be measured as

so in the HWE method.
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Figure 3.7: Free alkali measured for different volumes of water as a solvent. The
leaching temperature was 60◦C and the leaching time was 60 min. for this set of tests with
a particle size passing a 90 micron sieve. Error bars denote variability associated with the
titration method.

The influence of particle size and leaching time were also examined and the results are

shown in Fig. 3.8. Samples that were crushed to a particle size less than 90 µm exhibit

greater variability. This could be attributed to the fact that the entirety of a sample is

extremely difficult to pulverize to such a fine particle size using only a mortar and pestle.

Therefore the finer sample may not be as representative. With the 90-150 µm particle size

samples, there appears to be only marginal increases in leaching past 20 min. From these

results, it was determined that 20 min. of leaching is sufficient for a sample with particle

sizes <150 µm. This gradation also agrees with the espresso method [30] investigated next.
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Figure 3.8: Free alkali measurement with different particle sizes and leaching durations.
Leaching was performed in 60◦C deionized water. Error bars denote variability associated
with the titration method.

The GP HWE method designed specifically for geopolymers from the preceding trials

was compared to an adaptation of the espresso method previously developed for OPC by

Fournier et al. [30]. The titration technique was also compared to the use of ICP in this

experiment. Both methods of measuring the alkali concentration, titration and ICP-OES,

found the GP HWE method to yield slightly more alkalis with less variability observed

in the titration results (Fig. 3.9). The titration method was observed to measure slightly

more alkalis as well. This overestimation could be due to the choice of methyl orange as an

indicator since the titration endpoint observed may be slightly past equilibrium [24].
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Figure 3.9: Comparison of ICP-OES and titration measurements of free alkalis using
GP HWE and espresso methods.

Figure 3.10 shows the various trace elements leached from the geopolymer in each

method as according to ICP-OES. The more rapid espresso method appears to effectively

mitigate the leaching of Si and Al ions in addition to the free alkalis. This is a

considerable advantage of the espresso method, and the lesser leaching of alkalis could also

be considered advantageous in avoiding the leaching of otherwise bound alkalis. Minimal

leaching of elements other than alkalis in the espresso method further supports the

decision to use only the titration measurement in the remainder of this study. For these

reasons the espresso method was selected to be used in the proceeding formation factor

method.
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Figure 3.10: Trace elements quantified by ICP-OES for GP HWE and espresso leaching
methods.

3.3.2 Formation factor measurement

In estimating the pore solution conductivity, the free alkalinity of each geopolymer

type was determined using the espresso method. Figure 3.11 shows the different levels of

free alkalinity observed between geopolymer types. Both mixtures used in this study

included the same molar dosages of either sodium or potassium. As observed in previous

studies [46], potassium exhibited greater levels of incorporation in the geopolymer matrix

compared to sodium. The 80◦C curing temperature may also lead to greater alkali

incorporation when compared to the samples cured at 60◦C, which would agree with

previous studies [105]. However, the difference observed between the results of different

curing temperatures is not significant.

According to the quality control method proposed by Allahverdi et al. [1], the free

alkalinity demonstrates a direct correlation to the compressive strength of geopolymers.

By this logic, the geopolymers examined here should yield the following ranking of

strength from highest to lowest: K80, K60, Na80, Na60. However, the study by Rovanik

suggests that 80◦C curing should in fact decrease the strength of metakaolin based

geopolymers compared to 60◦C curing [72]. Furthermore, the work of Zhang et al. suggests
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Figure 3.11: Free alkali content of geopolymers as determined by the espresso method.

that the use of sodium as an alkali cation can produce geopolmers of higher strength than

potassium [103]. The free alkali content alone may not describe the quality of any given

geopolymer.

The free alkalinity was used to calculate the formation factor, which can provide a

more holistic understanding of the material microstructure [99]. Figure 3.12 displays the

formation factors of each geopolymer type in a fully saturated state with the effects of

alkali leaching and temperature accounted for as described in the methods section. The

opposite trend is observed relative to the free alkali measurements, with the sodium

geopolymers and 60◦C curing temperature resulting in higher formation factors that

indicate decreased connectivity of the porous network (i.e. β, Table 3.4).

Table 3.4: Summary of data from formation factor calculation.

Sample Ci (M) Cavg (M) φ F β

Na60 1.36 ±0.07 0.62 ±0.05 0.44 ±0.04 55.04 ±5.51 0.0427 ±0.0070
Na80 1.26 ±0.00 0.49 ±0.04 0.49 ±0.03 43.23 ±2.96 0.0477 ±0.0007
K60 0.65 ±0.02 0.35 ±0.04 0.42 ±0.02 30.58 ±1.43 0.0778 ±0.0076
K80 0.55 ±0.01 0.26 ±0.02 0.42 ±0.02 23.03 ±1.03 0.1048 ±0.0083

For reference, the formation factors calculated without correcting for the leaching of
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Figure 3.12: Formation factor measurements for fully saturated geopolymer pastes.
Pore solution, leaching, and temperature were accounted for.

alkalis (i.e. C = Ci) during saturation and storage is shown in Fig. 3.13. The formation

factor nearly doubles for each of the samples, and the variability of results increases for

the 60◦C cured samples that contained higher free alkali contents. Spragg et al. previously

demonstrated the significant effect that leaching can have on the formation factor

measurement [82], which is also seen here in Fig. 3.13. This observation suggests that the

method to account for alkali leaching presented in this study is highly effective.

Compared to the formation factor values reported for concrete in literature [99], the

values calculated for the low-Ca geopolymers of this study are extremely low. This is

easily attributed to the lack of aggregates in the paste samples used here, as well as the

porosity that comprises at least 40% of the sample volume (Table 3.4). The formation

factor reported for Indiana sandstone (F = 55.2 ± 1.6) is more comparable to the

geopolymer results [82]. However, accounting for the approximate 12% pore volume of the

sandstone yields a pore connectivity factor of β = 0.18, which is higher than the values of

β shown in Table 3.4 for the geopolymers samples. The β values found for the

geopolymers of this study are more similar to those reported for enhanced porosity

concretes [58]. This comparison might suggest that the geopolymer microstructure is quite
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Figure 3.13: Formation factors calculated without accounting for alkali leaching during
saturation and storage.

interconnected, but the scale of the pores is not necessarily comparable to that of

enhanced porosity concrete. Further work is likely needed to provide more practical

context and validation for the formation factor values determined in this study.

3.3.3 Complimentary characterization

UPV analysis

For comparison to the formation factor, UPV was used to assess the quality of each

geopolymer type since it is also influenced by the porosity of the microstructure. UPV is

also non-destructive in nature, which enables more precise results for a single sample than

destructive mechanical testing since repeated readings can be taken. Denser

microstructures, with more solid mass for the pulse waves to travel through, result in

higher UPV values. A denser microstructure could also be assumed to increase the

formation factor by decreasing the porosity or pore network connectivity. UPV

measurements have been shown to correlate well with the compressive strengths of

geopolymer concrete [62].

The UPV results shown in Fig. 3.14 corroborate well with the formation factor results.
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These results also agree with the literature regarding the effect of curing temperatures and

choice of sodium or potassium solutions on the strength of metakaolin based geopolymers

[72, 103]. The results of the UPV analysis provide further evidence that the free alkali

content alone cannot indicate the quality of a given geopolymer.

The greater variability seen for the Na80 samples is likely due to imperfections such as

entrapped air voids in the cylinder sample as a result of limited workability during casting.

The microstructure evaluated by the formation factor in thinner samples was not

noticeably affected by these larger scale imperfections.
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Figure 3.14: UPV measurements for in-situ geopolymer samples (sealed until
preparation and testing).

SEM characterization

Because the formation factor is a microstructural parameter, SEM microscopy should be

able to qualitatively observe significant changes in the formation factor between samples.

In the lower magnification images shown in Fig. 3.15, it is difficult to distinguish

differences in the porous microstructures of each sample because of the variable fracture

surface morphology. At this level, all of the samples display a similar granular texture.

The sodium geopolymer samples appear to have more entrapped air bubbles than their
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potassium counterparts possibly because of the difference in workability and flow during

casting. When saturated, the entrapped voids would likely decrease the formation factor

measurement. However, the formation factor of the sodium geopolymers was still found to

be higher than the potassium geopolymers that appeared to have far less entrapped voids,

Therefore, the influence of entrapped air bubbles may not have a significant effect on the

formation factors measured in this study.

100 µm

(a) Na60

100 µm

(b) K60

100 µm

(c) Na80

100 µm

(d) K80

Figure 3.15: SEM micrographs of geopolymer fracture surfaces at 1,000x magnification.
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When the microstructure is examined at 10,000x magnification, the sheet-like

morphology of unreacted metakaolin particles becomes at least partially visible in all of

the samples (Fig 3.16). Close examination of the images may also suggest that less

dissolution occurred in the potassium geopolymers, which would agree with the reaction

enthalpy measured previously (Fig. 3.2). However, no clear differences between the

samples can be readily discerned. The fracture surface morphology may limit the

interpretation of the images at this magnification as well.

10 µm

(a) Na60

10 µm

(b) K60

10 µm

(c) Na80

10 µm

(d) K80

Figure 3.16: SEM micrographs of geopolymer fracture surfaces at 10,000x
magnification.
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The 100,000x magnification images shown in Fig. 3.17 reveal the micellar morphology

that is characteristic of geopolymer reaction precipitates [7, 70]. There is a notable

difference in precipitate size between the sodium and potassium geopolymers, which is

confirmed by the quantitative image analysis reported in Fig. 3.18. The sodium

geopolymers contain relatively large precipitates greater than 100 nm diameter. These

precipitates are densely packed/agglomerated with minimal porosity observed between

particles. In contrast, the potassium geopolymers display precipitates less than 100 nm

across with frequent pore spaces between particles.

The difference between the nanoscale morphologies of the sodium and potassium

geopolymers is shown at even higher magnification in Fig. 3.19. The additional porosity

seen in the potassium geopolymer nanostructure is on the order of 10 - 50 nm. Moreover,

previous transmission electron micrographs of geopolymers suggest that further

nanoporosity may be present beyond the resolution of the SEM images obtained for the

fracture surfaces in this study [47, 91]. Regardless, any interconnected nanoporosity would

certainly influence the formation factor measurement. The increased nanoporosity

observed for the potassium geopolymers relative to the sodium geopolymers in the SEM

images directly correlates with the decrease in formation factor reported in Fig. 3.12 and

Table 3.4.

It is difficult to interpret any significant change in the microstructures attributed to the

different curing temperatures used, yet the precipitates of the 60◦C samples may be

slightly more agglomerated than the 80◦C samples for the sodium geopolymer samples.

The particle size distribution of the Na60 sample is skewed towards larger diameters since

coalescent particles may have been measured as one. This finding would agree with the

trend observed in the formation factor results. Although the difference between these

samples quantified by the formation factor is not clearly represented in the SEM images,

the SEM images do not necessarily disagree with the additional findings proposed by the

formation factor measurements and supported in literature [72].
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Figure 3.17: SEM micrographs of geopolymer fracture surfaces at 100,000x
magnification.
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(b) K geopolymer particulate analysis

Figure 3.18: Histograms of the equivalent diameter of 50 particles in each image. The
area of each particulate was measured in ImageJ using an oval geometry, which was then
used to calculate the diameter assuming a circular geometry.
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500 nm

(a) Na60

400 nm

(b) K60

Figure 3.19: High magnification SEM comparison of Na and K geopolymers.
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3.4 Conclusions

The outcome of this study is a fully functional framework for formation factor

measurement of geopolymers. The formation factor measurements corroborated well with

both UPV measurements and the qualitative observations of the micro/nanostructure from

SEM. This method has the immediate potential of quantitatively comparing the N-A-S-H

or K-A-S-H microstructures of different geopolymers for the purpose of research and

development. The method could also be more time and cost effective than the use of SEM

in analyzing the microstructure of geopolymers with the possibility of greater nanoscale

sensitivity.

Further validation is needed to determine the suitability of this method for accurately

estimating the diffusion coefficient of either free alkalis from the geopolymer or chloride

ions. Relating the results of this method to the overall durability and service life

prediction of geopolymer concrete is also a subject for future work. The use of the espresso

method for determining the pore solution conductivity is also worth investigating for OPC

materials since it does not require preserved pore water contents and would make

formation factor measurement more feasible for concrete specimens obtained from existing

structures.

80



CHAPTER 4

THE EFFECT OF ELEVATED TEMPERATURE ON THE
NANOSTRUCTURE OF A FLY ASH GEOPOLYMER

4.1 Introduction

Geopolymers were previously characterized and popularized by Davidovits with the

objective of commercializing a fire resistant textile [22], and many researchers have

continued investigate the potential use of geopolymers for various applications. Rivera et

al. recently demonstrated that superior thermal durability can be obtained for low-Ca

geopolymer cements over ordinary portland cement (OPC) using X-ray computed

microtomography (µCT) [71]. Furthermore, geopolymers are of interest as an

extraterrestrial construction material [92]; an application that would also require resilience

to a wide range of temperatures. The objective of the present study is to characterize the

effect of elevated temperatures on the nanostructure of the fly ash geopolymer (FGP)

concrete previously developed by Rivera et al [71].

4.1.1 Geopolymer molecular structure

The molecular structure of geopolymers has been extensively characterized by solid-

state nuclear magnetic resonance (NMR) studies [22, 26, 69, 73]. The reaction product in

low-Ca geopolymers is an aluminosilicate framework of alternating silicon and aluminum

tetrahedral units with a lack of long-range order [8, 69]. The alkali cations are generally

thought to balance the charge of oxygen bridge sites between silicon and aluminum [22,

26, 69], act as network modifying agents at non-bridging oxygen (NBO) sites [25], and/or
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remain weakly bonded in a concentrated pore solution [4, 8, 73, 79].

Syncnotron X-ray scattering pair distribution function (PDF) analysis confirms that

the aluminosilicate matrix of a K-metakaolin geopolymer, similar to the K-FGP used in

this study, is amorphous and contains chemically bound water in the form of potassium

hydroxide [8]. Although the PDF method can determine the long-range atomic order, it is

an average measurement of the structure and does not elucidate the chemical

heterogeneity that has been observed on the nanoscale in FGPs using high-resolution

nanoprobe x-ray fluorescence [69].

The recent use of atom probe tomography (APT) further elucidated the nanoscale

heterogeneity of FGP [91]. Nanoscale distribution of Si and Al concentrations was

resolved-disagreeing with the molecular model originally proposed by Davidovits, which

consisted of uniform Si/Al ratios [22]. The morphology of high concentrations K clusters

was also able to be visualized by using APT. The binding of K ions in the geopolymer

matrix was previously propsed by Nguyen et al. [61], and agrees with the molecular model

proposed for Na-geopolymers by Rowles et al. [73] shown in Fig. 4.1.

Figure 4.1: Schematic illustration Na-geopolymer molecular framework from [73]

Both X-ray and neutron scattering experiments report that temperatures below 300◦C

do not induce structural changes in the aluminosilicate molecular framework of

geopolymers, since only dehydration occurs [8, 101]. While this is certainly true for the
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overall structure probed by these methods, the nanoscale distributions of elements may be

affected. In particular, the disordered and often hydrated environment of alkali cations

(Fig. 4.1) is liable to evolve when the chemically bound water is evaporated. Moreover,

this dehydration process was shown to increase the strength of the geopolymer as

measured by nanoindentation [6].

4.1.2 Atom probe tomography

Based on a previous study by Tuinukuafe et al. [91], further investigation using APT

may help to elucidate the nanoscale changes that may occur in FGP during dehydration,

particularly regarding the distribution of K ions. The APT process involves preparing a

needle shaped specimen with an apex less than 100 nm in diameter using focused ion

beam milling under a scanning electron microscope view (FIB-SEM) [42]. The SEM

resolution in this process enables the larger heterogeneities of concrete such as unreacted

cementitious products, aggregates, and porosity to be excluded from the extracted APT

specimen.

The APT specimen is then placed in a local electode atom probe (LEAP) where an

ultra-fast laser pulse is used to excite the atoms at the apex of the specimen to incite field

evaporation of the atoms towards a microchannel detector [42]. The time-of-flight (ToF)

between the pulse and the detector impact is used to construct a ToF mass spectrum,

from which the element present in the material can be ranged [42]. Using the ToF and the

impact position of the microchannel detector, the ions of the specimen can be

computationally reconstructed by making various geometric assumptions for the specimen

and flight path [42]. Fig 4.2 shows an illustration of the APT process. The precision of the

atomic reconstruction is difficult to estimate for amorphous materials like geopolymers

since there is no crystalline lattice for reference. Therefore, complimentary techniques

should be used to support any observations made in APT.

In this study, APT is utilized to examine the effect of elevated temperature on the

nanoscale heterogeneity of an alkali aluminosilicate matrix comprising the reacted phase of
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Figure 4.2: Schematic illustration of atom probe tomography technique
(www.cameca.com).

a FGP. Complimentary leaching analysis to quantify the free alkalinity of the FGP after

heating was also performed to support the APT findings. Statistical nanoindentation was

used to evaluate the effect of temperature on the micromechanical properties of the FGP.

4.2 Methodology

The FGP specimens were cast previously by Rivera et al., where the methodology is

described in full [71]. Table 4.1 shows the composition of the fly ash, which originated

from the Bowen power plant (Euharlee, GA, USA). The activator solution was comprised

of reagent grade potassium silicate and hydroxide. Following casting, the samples were

sealed and cured at 23◦C for 24 hours, then 40◦C for 72 hours [71].

Table 4.1: Oxide composition of Bowen fly ash from XRF.

Oxide SiO2 TiO2 Al2O3 Fe2O3 MgO CaO Na2O K2O P2O5 SO3 LOI

% wt. 53.74 1.4 28.26 6.66 0.91 1.38 0.35 2.1 0.26 0.08 3.58

In preparation for microscopy and nanoindendation, a small cylindrical core was

sectioned from a larger 2x4 in. mortar specimen, and then cast in epoxy. The face of the
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specimen was step-wise polished with 120, 400, 600, 800, and 1200 grit SiC paper followed

by 6, 3, and 1 µm diamond paste, and 0.3, and 0.05 µm alumina suspensions in ethanol.

Ethanol lubricant was used to mitigate possible leaching or reacting of FGP constituents

[45]. The sample was rinsed and sonicated in ethanol following each polishing step as

detailed in previous research [55].

4.2.1 Atom probe tomography

Atom probe samples were prepared using a FEI Quanta 200 3D Dual Beam FIB-SEM

following the procedure outlined by Thompson et al. [89]. The SEM resolution available

during this step allowed regions of dense reacted geopolymer paste to be identified in the

heterogeneous FGP microstructure that often contains particles of unreacted fly ash [45].

The extracted samples were affixed to posts on a platinum APT sample coupon (36 post

capacity) using platinum deposited in the FIB-SEM. The initial as-cast FGP atom probe

tip specimens were sharpened using a TESCAN Lyra Dual Beam FIB-SEM using annual

milling and a final 5 KeV “cleaning step”. APT was performed using a Cameca LEAP

5000XS at a temperature of 40K, a detection rate of 0.2%, and a laser voltage ranging

from 30 to 50 pJ depending on tip geometry. The atom probe data was reconstructed and

analyzed using the IVAS 3.8.0 software. Figures were reproduced in MATLAB for

improved clarity.

Following the initial APT testing of several as-cast FGP specimens, the coupon

containing the remainder of the APT specimens was subjected to the following heating

regiment in atmosphere in an electric furnace: 30 minutes ramp heating to 200◦C from

25◦C, with no hold segment, and 30 minutes cooling to 25◦C. The heat-exposed FGP APT

specimens were then sharpened or re-sharpened before being tested in accordance with the

LEAP procedure outlined above.

4.2.2 Free alkalinity

Previous experiments have demonstrated that the “espresso” hot water extraction (i.e.

leaching) method originally proposed by Fournier et al. [30] is suitable for analyzing the
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free alkalinity of geopolymers (Ch. 3). The espresso method used in this study was

modified slightly to accommodate a smaller sample of cement mortar containing only fine

quartz aggregate, rather than a larger sample from concrete containing coarse and fine

aggregates of more variable mineralogy.

Samples were pulverized in a rotary mill, and near 2.0000 g of dried particles <150 µm

were collected and weighed as w. The sample was then placed in a filter apparatus

comprised of a buchner funnel with Whatman filter paper No. 1 and a vacuum line

attached to the flask below. Prior to adding the sample, the filter paper was wetted with

exactly 10 mL of deionized water. Deionized water was brought to a boil and then 80 mL

was gradually poured over the sample in the filter apparatus. The volume of filtrate, Vf ,

was then measured (in mL) before precision pipetting at least a 5 mL aliquot, Vp, for

titration to determine the alkali concentration. Titration was performed using 0.05 M HCl

and methyl orange as an indicator as described in Ch. 3. The free alkali content, n, in

mol/g of dry sample is calculated from titration by Eq. 4.1.

n =

CHCl × Va ×
Vf
Vp
× 1L

1000mL

w
(4.1)

This procedure was used to determine the free alkali content of FGP samples dried at

60◦C, or soaked at 200◦C, 400◦C, 600◦C, 800◦C, and 1000◦C for 2 hrs.

4.2.3 Nanoindentation

The following nanonindetation procedure was used to characterize three specimens: an

unheated FGP specimen, a specimen isothermally soaked at 200◦C for two hours, and a

core for a sample exposed to a butane flame for 10 minutes reaching 650◦C in the previous

study [71].

Nanoindentation was performed using an Agilent Technologies G200 Nanoindenter with

a diamond Berkovich indenter tip. The Dynamic Contact Module II (DCM) load head was

utilized for higher resolution of force. CSM indentation was performed with a harmonic
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displacement target of 1 nm and a frequency of 75 Hz.

Indentations were conducted to a depth of 300 nm with 10 µm indent spacing. Indent

grids, 25 x 25, were performed for each sample, which covers a representative area for FGP

materials according to previous multi-scale investigations [21].

The grid indentation data were then filtered for self-similarity as described in Ch. 2.

Moduli values for the remaining indents were then calculated from the CSM data as an

average between 100 and 200 nm, as done so in [21]. The data were then analyzed using

the belief-based clustering approach based on maximum likelihood algorithms detailed in

Ch. 2.

4.3 Results and Discussion

4.3.1 Atom probe tomography

Three successful APT sample runs of the unheated FGP were obtained and are

referred to as R1-3. Three runs were also performed subsequently for the heated samples,

denoted as R4-6. These selected samples were all found to represent reacted geopolymer

phases based on their stoichiometry, which would be significantly different for unreacted

fly ash phases [91]. Out of all of the APT tests on FGP samples (over ten including trials

for configuring ideal run conditions), only one specimen was incedentally found to contain

a nanoparticulate of unreacted fly ash and this sample was discussed in a prior publication

[91]. This suggests that the FIB-SEM preparation procedure can reliably circumvent the

larger heterogeneity of the FGP microstructure.

In an effort to eliminate possible variability between the geopolymer gel compositions

[47] from influencing the results significantly, the remnants of the samples used in runs

R1-3 following the heat treatment were attempted to be reused. The sample from R1

remained intact during the heat treatment process and was successfully resharpened and

re-run as R4. The gel composition is less likely to change over the distance of less than 1

µm between the locations of R1 and R4, compared to the runs performed on entirely

87



separate samples.

The ranged mass spectra used for 3D reconstruction of the unheated and heated APT

data are shown in Fig. 4.3 and 4.4 respectively. The spectra of R1 and R2 show a slight

hump after the peak at 39 Da assigned to K, which suggests that there was a heating

artifact during the test run [42]. A wider flange tip angle was found to reduce the heating

artifact observed in R1 and R2, providing a cleaner mass spectra for R3. Heating artifacts

were not apparent in R4-6.
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(a) R1

(b) R2

(c) R3

Figure 4.3: Mass spectra of unheated APT sample runs.
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(a) R4

(b) R5

(c) R6

Figure 4.4: Mass spectra of heated APT sample runs.
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To enable more quantitative analysis of the APT data, the 3D point cloud data was

voxelized. The APT data volume was divided into 3 nm cubic voxels. This size voxel was

found to provide a good balance between computation time and resolution. Smaller voxels

might also contain an insufficient sampling of detected ions. The concentrations of Si, Al,

and K in each voxel were calculated since these are the primary elements of the

geopolymer gel (e.g. see Table 4.2).

Using the voxelized data, the distributions of K and Al concentrations throughout the

samples can be evaluated in the histograms shown in Fig. 4.5. The histogram of K

concentrations indicates that there is a difference between the K arrangements of the

unheated and heated samples. The concentration of K in heated specimens appears to

span 0-15% with a peak frequency between 2-5%. The K concentrations in the unheated

samples is more broadly distributed up to 20% with most of the data lying above 5%.

When the histogram of Al concentrations is examined, all of the samples indicate that Al

concentrations are generally lower than 5%. This suggests that K ions may be more

commonly in excess of Al in regions of the unheated samples.

To support this hypothesis, a histogram of the K/Al ratio of each voxel is also shown

in Fig. 4.5. While the distribution of K/Al peaks around 1 for the heated samples, the

unheated specimens are clearly skewed towards higher distributions. The predominant

K/Al ratio of 1 in the heated specimens conforms to the theory that Si-Al tetrahedra

bridge sites incorporate alkali cations in a charge balancing role [26]. The distribution of

K/Al ratios in the heated samples sharply decreases around 3, suggesting that charge

balancing is the primary role of K in these FGP samples with some deviation. From this it

is inferred that in voxels where K/Al is greater than 3, that K is in excess. In other words,

K is likely in an aqueous and disordered configuration above K/Al = 3 in the voxelized

APT data [27, 73].
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Figure 4.5: Historgrams of K and Al concentrations throughout samples with a 3 nm
voxel size.

Based on the observation of Al concentrations generally below 5% and the conservative

boundary of K/Al=3 for excess K in the APT data, 15% was set as the threshold for

isosurface analysis of the K concentrations throughout each sample. Figures 4.6 and 4.7

include the 3D reconstruction of the unheated APT sample data with only 40% of the

detected K ions shown (for image clarity). The isosurfaces for regions with K

concentrations above 15% are shown in a parallel figure for R1-3 (orange). The visibly

denser clusters of K ions in the 3D APT point cloud data correlate well with the 15%

isosurfaces identified through analyzing the voxelized data.
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(a) R1 with K points only (b) R1 with isosurfaces

(c) R2 with K points only (d) R2 with isosurfaces

Figure 4.6: Cluster analysis of potassium in unheated samples.
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(a) R3 with K points only (b) R3 with isosurfaces

Figure 4.7: Cluster analysis of potassium in unheated samples.
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The isosurface analysis for K concentrations above 15% was also performed for the

heated APT samples. Fig. 4.8 shows the point cloud of 40% of the detected K ions along

with the isosurfaces associated with concentrations above 15%. It is not necessary to show

the images of only the K ions here, as they were in Fig. 4.6 and 4.7, since there are no

substantial isosurfaces observed. The K ions appear to be evenly distributed throughout

the heated samples without clustering. This indicates that there was negligible excess K in

the heated samples.
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(a) R4 (b) R5

(c) R6

Figure 4.8: Cluster analysis of potassium in heated samples.

It seems possible that this difference between the unheated and heated samples could

be due to the heating artifact observed in the mass spectra of the runs, rather than an

actual material transformation. However, the observation of K clusters in R3 suggests that

the clustering was not caused by the heating artifact observed in the mass spectra of R1
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and R2. The heating artifact is likely associated with the presence of clusters though,

since alkalis may not be strongly bonded in the geopolymer molecular framework [79].

Because of their weak bonds the K ions are liable to field evaporate in the LEAP with less

energy than the aluminsilicate matrix requires. The weakly bonded K ions in the material

may have in fact promoted the heating artifact by evaporating due to the residual heat of

pulses designated for atoms in the layer above them (in the z-direction of the tip profile).

If this theory is correct, then the heating artifact observed in the mass spectra of R1 and

R2 provide further evidence for weakly bonded K ions in the unheated samples.

The cause of the lack of K clusters observed in the heated sample might also be

associated with different Si/Al distributions in the samples. Prior NMR, neutron and

X-ray scattering experiments all suggest that there is negligible structural changes in Si

and Al coordination in geopolymers heated to 200◦C or less [4, 8, 70, 101], so observing

different Si/Al distributions in the APT would suggest differences in the sample

composition simply due to variability in the microstructure. To address this, the

histogram of Si/Al ratios for all of the voxelized datasets is shown in Fig. 4.9. As

discussed in a prior publication [91], the Si/Al ratio varies between 1-30 as there may be

regions of higher Al concentration agglomerated by a Si rich phase. The gradient between

these possible phases is represented here in the histogram of Fig. 4.9. The broad peak

frequencies of Si/Al of the samples all fall between 4-10 indicating some diversity between

the samples. However, no appreciable trend is observed between the heated and unheated

samples in the Si/Al histograms.

The similarity of Si/Al distributions in the heated and unheated samples is quite clear

when comparing runs R1 and R4, which were performed on the same FIB extracted

sample. The histograms of Si/Al and K/Al for R1 and R4 are shown in Fig. 4.10 to

highlight their comparison. The alignment of Si/Al histograms for R1 and R4 indicates

that the recovery of the sample after heat treatment successfully minimized the

composition variability. With the Si/Al distribution remaining relatively constant between
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these runs, the notable shift in the K/Al histogram of Fig. 4.10 is likely due to the heating

procedure.
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Figure 4.9: Historgrams of K and Al concentrations throughout samples with a 3 nm
voxel size.
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Figure 4.10: Historgrams of K and Al concentrations throughout samples with a 3 nm
voxel size.

Even with the other samples of varying Si/Al content, the dissipation of excess K

clusters is consistent. This phenomenon can be explained by considering that outside of

the high vacuum LEAP environment, the observed K clusters would likely be in a

hydrated state [73]. These clusters would effectively represent the chemically bound water

content of the geopolymer gel product (i.e. K-A-S-H) [8]. Upon heating to 200◦C, the
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water chemically bound in the form of KOH evaporates [8]. The evaporation process leads

to percolation of the highly alkaline solution towards the surface of the material.

This would correspond to the migration of hydrated K ions towards the exterior of the

APT specimens. Unfortunately, it was necessary to remove the exterior of the specimens

during the re-polishing process in preparation for the post-heat APT tests. This loss of K

ions during heating and re-polishing corroborates with the consistent reduction in overall

K content between the unheated and heated samples (Tables 4.2).

The results of APT before and after heating to 200◦C suggest that the heating process

leads to the percolation of entrapped chemically bound water towards the surface of the

material along with the excess K ions. This would increase the leachable alkali content of

FGP samples exposed to 200◦C.

Table 4.2: Count of ranged ions in each APT sample run with multi-atomic ions
decomposed.

R1 R2 R3 R4 R5 R6
Element Count % Count % Count % Count % Count % Count %

H 61076 23.84% 85448 14.06% 61076 23.84% 109213 11.01% 65199 12.42% 94608 15.10%
Si 44359 17.32% 153420 25.25% 44359 17.32% 412283 41.57% 154607 29.46% 162772 25.98%
O 80978 31.61% 240894 39.64% 80978 31.61% 334955 33.77% 239408 45.62% 255954 40.85%
K 16408 6.41% 48793 8.03% 16408 6.41% 24403 2.46% 11937 2.27% 28878 4.61%
Ga 1867 0.73% 2773 0.46% 1867 0.73% 3095 0.31% 4653 0.89% 1059 0.17%
Al 8644 3.37% 37010 6.09% 8644 3.37% 44753 4.51% 26891 5.12% 40741 6.50%
Fe 620 0.24% 4389 0.72% 620 0.24% 7804 0.79% 3205 0.61% 2459 0.39%
Mg 753 0.29% 1950 0.32% 753 0.29% 3165 0.32% 1534 0.29% 2316 0.37%
C 29175 11.39% 21202 3.49% 29175 11.39% 30209 3.05% 10513 2.00% 29617 4.73%
Ca 3805 1.49% 4717 0.78% 3805 1.49% 10653 1.07% 4363 0.83% 5758 0.92%
Na 1007 0.39% 5116 0.84% 1007 0.39% 1681 0.17% 1640 0.31% 1779 0.28%

4.3.2 Free alkalinity

The espresso leaching procedure was used to quantify the free alkalinity of the FGP

after exposure to various temperatures 200◦C and higher. Here, free alkalinity is defined as

that which is readily leachable (as in Ch. 3), not to be confused with the weakly bonded

or disordered K [27] that may still be encapsulated in the nanostructure of the material

according to APT. Fig. 4.11 shows the results of these leaching tests.

The exposure to 200◦C significantly increases the free alkali content relative to the

99



FGP dried at 60◦C (for consistency). This corroborates with the theory from APT that

the drying of chemically bound water can lead to percolation of free alkalis, effectively

increasing the leachable free alkali content. Furthermore, this agreement with the APT

data supports the use of the espresso method since it does not seem to leach the excess K

ions that are entrapped in the nanostructure as seen in APT and proposed in literature

[61].

Temperatures well above 200◦C are known to cause structural reorganization of Si and

Al tetrahedra in the geopolymer matrix [8, 101]. These structural changes likely facilitate

increased distribution and incorporation of K in the FGP rather than percolation since the

samples were immediately immersed in the temperatures well above 200◦C. The free

alkalinity continually decreased for temperatures 400◦C-1000◦C, as the FGP gained

structural order. The results of this experiment replicate and verify the findings from

similar FGP leaching experiments performed by Skvara et al. [78].
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Figure 4.11: Free alkali content of the FGP after various temperature exposures. Error
bars denote standard deviation of the method.
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4.3.3 Nanoindentation

While APT and complimentary leaching experiments both suggest that chemical

transformations take place in the geopolymer nanostructure upon heating, the associated

effect on mechanical properties is unknown. Nanoindentation was employed to assess the

effect of elevated temperatures on the micromechanical properties of the material. Grid

indentation and statistical analysis can allow the properties of independent phases in the

microstructure to be decoupled [16]. The most discernible phases present in the FGP

microstructure are that of reacted geopolymer gel and unreacted fly ash, both of which

were apparent in the optical microscope images of all the grid indent areas (see Appendix

B).

Belief-based clustering was performed for the grid indentation data of each sample

using a model order of k=2, corresponding to the two likely phases of unreacted and

reacted mediums. The Bayesian information criterion (BIC) values reported for all three

datasets suggest that assuming k=2 is a probable assertion, although other model orders

may also provide similar or slightly higher likelihood (Fig. 4.12-4.14a). The probability of

other model orders being suggested for the GMM could be due to the widespread of data

associated with the influence of unreacted fly ash.

Previous nanoindentation studies have noted that there can be pitfalls to using only

the BIC value to determine or confirm a model order [88]. To supplement the BIC, a

histogram of the experimental data was calculated for each sample using the automatic

binning algorithm built in to MATLAB. The algorithm, based on Scott’s rule, accounts for

the sample size and may effectively “smooth” out any insignificant Gaussian distributions

present in the data [75]. The histograms shown in Fig. 4.12-4.14b indicate that there are

two main features in all of the data sets, one prominent peak between moduli values of

0-20 and a widespread tailing distribution above 25 GPa. Observations of these two

features supports the assignment of k=2, likely corresponding to unreacted and reacted

phases.
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Fig. 4.12-4.14 show the k=2 clustering for each dataset, where it can be seen that the

algorithm consistently groups data with moduli greater than 25 GPa, which have

previously been associated with unreacted or partially reacted fly ash phases [21, 60],

separately from the lower values that have previously been reported as reacted phases in

geopolymer cements [21, 60]. From this evidence, it can be assumed that the assignment of

k=2 corresponds to the broad distinction of unreacted or partially reacted phases and the

fully reacted geopolymer gel phase for each sample in this study. This assumption yields a

high posterior probability of clusters (Fig. 4.12-4.14d) and appears to agree with

distribution of experimental data for all samples.

Table 4.3 summarizes the effective deconvolution of these phases obtained through the

clustering algorithm. Cluster 1 is presumed to represent the reacted geopolymer phase

with Cluster 2 representing indents influenced by the unreacted material. The mean value

of Cluster 1 significantly increases from 8 GPa in the unheated sample to around 17 GPa

for the samples heated at 200◦ in an oven or 650◦ via flame exposure [71]. However, it is

possible that the reported moduli of each indent are influenced by the underlying

constituents of the microstructure, especially porosity (Ch. 2).

Table 4.3: Summary of FGP nanoindentation data deconvolution. Mean (µ) and
standard deviation (σ2) for moduli values reported in GPa.

Cluster: 1 2
Sample Sample size, N µ σ2 fJ µ σ2 fJ
Unheated 173 8.30 2.53 0.63 40.76 20.58 0.37
200◦C 179 16.84 3.48 0.79 46.74 20.35 0.21
650◦C 157 17.07 4.47 0.56 59.38 21.12 0.44
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Figure 4.12: Grid indentation data analysis for the as-cast FGP sample. Vertical lines
represent individual test results and may appear as solid fill where data are abundant.
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Figure 4.13: Grid indentation data analysis for FGP heated at 200◦ for 2 hrs.
Vertical lines represent individual test results and may appear as solid fill where data are
abundant.
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Figure 4.14: Grid indentation data analysis for FGP exposed to flame for 10 minutes
as in [71], reaching 650◦. Vertical lines represent individual test results and may appear as
solid fill where data are abundant.
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Fig. 4.15 shows the test data for randomly selected representative indents from the

Cluster 1 of each sample. The representative tests suggest that the stiffness measured by

CSM indentation is relatively constant in the region of interest between 100 nm and 200

nm, from which the moduli values were averaged, meaning that there is no strong

influence of additional structural compliance for the indent and that continuity is generally

preserved. Based on the representation of Fig. 4.15, the moduli and hardness values

calculated using the continuum analysis of Oliver and Pharr [63] can be assumed to

reliably represent the material properties of Cluster 1 more so than the influence of the

microstructure (Ch. 2).
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Figure 4.15: Indentation data for randomly selected tests from Cluster 1 (i.e. reacted
phase) of each sample.

The increase in the geopolymer gel moduli after heating to 200◦C corroborates with

the results from Belena et al. [6] who observed the same phenomenon for grid indentation

of heat exposed Na-metakaolin geopolymer. Belena et al. hypothesized that this increase

was associated with the dehydration of the material. The complementary results from

APT and the leaching experiments in the present study support this notion. In a

mechanism similar to the effect of saturation on the results of bulk concrete specimens, the

presence of chemically bound water in the nanostructure of the FGP may increase internal

hydrostatic forces to ultimately reduce the micromechanical response examined by
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nanoindentation.

Recent use of advanced NMR techniques by Walkley et al. concluded that alkali ions

may not actually be required to charge balance the bridge site of Si-Al tetrahedra [98].

The charge balancing role may be a matter of convenience since such high concentrations

of alkalis are often required to dissolve precursor materials in

geopolymersation/alkali-activation. As the aluminosilicate precipitates form during the

solidification of the geopolymer, it is energetically favorable for the alkali cations to

assume a charge balancing role rather than migrate entirely to the pore solution [69]. In

addition to the charge balancing ions, excess aqueous alkalis may be enclosed in the

aluminosilicate matrix in nanoscale clusters as seen in the APT results of this study, which

are supported by the leaching and nanoindentation experiments.

For a better understanding of the structure of these alkaline aluminosilicate materials,

the geo“polymer” terminology and “N-A-S-H” and “K-A-S-H” abbreviations should be

disregarded. Regarding the role of the alkalis, these materials are more accurately

described as an aluminosilicate glass with caged alkali fluxing ions. Excess alkaline

solution is confined to small clusters, ultimately promoting the nanoporosity of the

material that has been observed in TEM images [7, 91]. This understanding agrees with

the model set forth be Rowles et al. (Fig. 4.1) and can help guide further development of

these materials. Though, the existing terminologies will likely remain in place for the sake

of convenience.
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4.4 Conclusions

Novel use of APT before and after heat exposure to 200◦C was performed in this study.

The evaporation of chemically bound water was found to dissipate clusters of excess K

that were previously entrapped in the nanostructure of the aluminosilicate framework.

This proposed transformation was supported by the increased alkali leaching observed

after exposure to 200◦C. Statistical nanoindentation results corroborated with these

findings, showing an increase in geopolymer gel strength associated with the dehydration

process. Excess alkalis appear to play a detrimental role in the nanostructure of

geopolymers. Future research should investigate alternative geopolymer manufacturing

techniques to mitigate excess alkalis and chemically bound water in low-Ca geopolymers.
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CHAPTER 5

EPILOGUE

In Ch. 2, the fundamentals of statistical nanoindentation were revisited. The outcome

of this study is a refined method and understanding of the limitations. The results support

the later use of statistical nanoindentation in Ch. 4 for fly ash geopolymer samples.

The second study (Ch. 3) proposed a novel framework for formation factor

measurement of geopolymers. This could be a helpful tool in the development of

geopolymer mix designs and their durability assessment or quality control in the future.

The study offers insight into some fundamental aspects of formation factor measurement

of portland cement concretes as well. In particular, the method presents a unique

approach to estimating pore solution resistivity and accounting for alkali leaching.

The third investigation (Ch. 4) demonstrated the use of atom probe tomography

(APT) for analyzing the atomistic morphology of fly ash geopolymer gel before and after

heating to 200◦C. The results suggested that alkali migration can occur on the nanoscale

during dehydration due to the weakly bonded nature of aqueous alkalis. The APT findings

were supported by the complimentary use of the free alkali leaching procedure

demonstrated for geopolymers in Ch. 3 and a statistical nanoindentation method

supported by Ch. 2. Future work based on the APT capabilities demonstrated in this

study likely extends beyond the realm of infrastructure materials. APT could help

characterize the amorphous structure of bio-compatible cements in the future.
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of heterogeneous structural materials. Cement and Concrete Composites, 36:85–92,
2013.
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APPENDIX A

CODE FOR INDENTATION DATA ANALYSIS

1 %% Import NI data from spreadsheet

2

3 clear all;

4 close all;

5 clc;

6

7 %formatted for excel file output from NanoSuite (Agilent)

8

9 %not very efficient, may take ¬15min for 400 tests(sheets) on avg. laptop

10

11 %make sure there are NO unwanted sheets

12 %(i.e. blank "Sheet 1"− usually first sheet:P)

13 % SERIOUSLY, DELETE "SHEET 1" in the Excel file

14

15 % also double check that the output is correct

16 %% import entire file as cell

17 [¬,sheet name]=xlsfinfo('C:\Users\atolo\Desktop\NI matlab\AAFA csm grid1.xlsx');

18 for k=1:numel(sheet name)

19

20 data{k}=xlsread('C:\Users\atolo\Desktop\NI matlab\AAFA csm grid1.xlsx',sheet name{k})

21

22 % fill tagged tests with tasty NaN

23 empties = cellfun('isempty',data);
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24 data(empties) = {[NaN NaN NaN NaN NaN NaN]};

25 end

26

27 %% Create cells for desired variables from each test

28 %make cells for displacement, stiffness, load, modulus and hardness from

29 %each indentation test

30

31 numtests = numel(sheet name)−3; %excludes three summary sheets

32 d = cell(1,numtests); %disp

33 l = cell(1,numtests); %load

34 s = cell(1,numtests); %stiffness

35 H = cell(1,numtests); %hardness

36 M = cell(1,numtests); %e modulus

37

38

39 for k=4:numel(sheet name)

40

41 d{k} = data{1,k}(:,1);

42 d=d(¬cellfun('isempty',d)); % removes non−test tabs

43

44 l{k} = data{1,k}(:,2);

45 l=l(¬cellfun('isempty',l));

46

47 s{k} = data{1,k}(:,4);

48 s=s(¬cellfun('isempty',s));

49

50 H{k} = data{1,k}(:,5);

51 H=H(¬cellfun('isempty',H));

52

53 M{k} = data{1,k}(:,6);

54 M=M(¬cellfun('isempty',M));

55 end

56
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57 %% output workspace for decon

58

59 save AAFA1.mat d l s H M numtests

60

61 %% Nanoindentation continuity filter

62

63 % this script preprocesses grid indentation data for statistical decon

64 % similar to the procedure from Amanieu et al. 2014

65

66 clear all;

67 close all;

68 clc;

69

70 %% Import the data

71

72 filename = 'AAFA200 ' %ouput will use this

73

74 load 'AAFA200.mat'

75

76 %% Filter Phase 1 − Self−similarity

77

78 % Check lineairity of L vs. hˆ2 for old times sake

79 % More efficient than parabolic approach from Amanieu

80

81 % make new cells for filtered results

82 d1 = cell(1,numtests); %disp

83 l1 = cell(1,numtests); %load

84 s1 = cell(1,numtests); %stiffness

85 H1 = cell(1,numtests); %hardness

86 M1 = cell(1,numtests); %e modulus

87

88 for k = 1:numtests

89
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90 D2 = d{k}.ˆ2;

91 y = l{k};

92

93 % regress

94 X = [ones(length(D2),1) D2];

95 b = X\y;

96 ycalc = X*b;

97 % coef of determination

98 Rsq = 1 − sum((y − ycalc).ˆ2)/sum((y − mean(y)).ˆ2);

99

100 %needs to be VERY linear

101 if Rsq>0.996 % but what is linear enough? \ (o O) /

102

103 d1{k} = d{k};

104

105 l1{k} = l{k};

106

107 s1{k} = s{k};

108

109 H1{k} = H{k};

110

111 M1{k} = M{k};

112

113 else

114

115 d1{k} = NaN(length(d{k}),1);

116

117 l1{k} = NaN(length(l{k}),1);

118

119 s1{k} = NaN(length(s{k}),1);

120

121 H1{k} = NaN(length(H{k}),1);

122
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123 M1{k} = NaN(length(M{k}),1);

124

125 end

126

127 end

128

129

130 %% Filter Phase 2 − Structural Compliance, Cs

131

132 % set min and max depth for indexing ROI

133 dMin = 100; % nm, or whatever export units are used

134 dMax = 200; %Note: may need to decrease noise tolerance for larger ranges

135

136 % make new cells for indexed results

137 do = cell(1,numtests); %disp

138 lo = cell(1,numtests); %load

139 so = cell(1,numtests); %stiffness

140 Ho = cell(1,numtests); %hardness

141 Mo = cell(1,numtests); %e modulus

142

143 % make new cells for refiltered results

144 d2 = cell(1,numtests); %disp

145 l2 = cell(1,numtests); %load

146 s2 = cell(1,numtests); %stiffness

147 H2 = cell(1,numtests); %hardness

148 M2 = cell(1,numtests); %e modulus

149

150 lsys = cell(1,numtests);

151 j = cell(1,numtests);

152 Cs = cell(1,numtests); %struct. compliance

153

154 figure;

155 for i = 1:numtests
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156

157 if isnan(d1{i}) % exclude the tagged tests

158

159 d2{i} = NaN;

160

161 l2{i} = NaN;

162

163 s2{i} = NaN;

164

165 H2{i} = NaN;

166

167 M2{i} = NaN;

168

169 else

170

171

172 % index the desired depth range

173 ind = d1{i}>dMin & d{i}<dMax;

174 % extract for each test

175 do{i} = d1{i}(ind);

176 lo{i} = l1{i}(ind);

177 so{i} = s1{i}(ind);

178 Ho{i} = H1{i}(ind);

179 Mo{i} = M1{i}(ind);

180

181 % "SYS" plot axes

182 lsys{i} = (1000*lo{i}).ˆ0.5; %Nˆ1/2

183 j{i} = lsys{i}./so{i};

184

185 % regress

186 Z = [ones(length(lsys{i}),1) lsys{i}];

187 b1 = Z\j{i};

188 ycalc1 = Z*b1;
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189

190 % coef of determination

191 Rsq = 1 − sum((j{i} − ycalc1).ˆ2)/sum((j{i} − mean(j{i})).ˆ2);

192 % slope = compliance

193 Cs{i} = abs(b1(2,1));

194

195 if Cs{i} < 4e−6 % empirically det. from Si by Amanieu

196

197 if Rsq > 0.5 % allow for some noise

198

199 d2{i} = do{i};

200

201 l2{i} = lo{i};

202

203 s2{i} = so{i};

204

205 H2{i} = Ho{i};

206

207 M2{i} = Mo{i};

208

209 % OPTIONAL

210 plot(lsys{i},j{i})

211 hold on

212

213 else

214

215 d2{i} = NaN;

216

217 l2{i} = NaN;

218

219 s2{i} = NaN;

220

221 H2{i} = NaN;
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222

223 M2{i} = NaN;

224

225 end

226 else

227

228 d2{i} = NaN;

229

230 l2{i} = NaN;

231

232 s2{i} = NaN;

233

234 H2{i} = NaN;

235

236 M2{i} = NaN;

237 end

238 end

239 end

240

241 ylabel('Loadˆ{1/2}/S (m/Nˆ{1/2})')

242 xlabel('Loadˆ{1/2} (Nˆ{1/2})')

243 set(gca,'FontSize',14)

244

245 %% Summarize modulus and hardness values for valid tests

246

247

248 for j=1:numtests

249

250 Mf1(j,:) = mean(Mo{j}); %after filter 1

251

252 Hf1(j,:) = mean(Ho{j});

253

254 end
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255

256 for j=1:numtests

257

258 Mf2(j,:) = mean(M2{j}); %after filter 2

259

260 Hf2(j,:) = mean(H2{j});

261

262 end

263

264 %Mf1(337,:) = NaN; % exclude single outlier if necessary

265

266 %% check efficiency

267

268 nnz(¬isnan(Mf1))/400

269 nnz(¬isnan(Mf1))

270 nnz(¬isnan(Mf2))/400

271 nnz(¬isnan(Mf2))

272

273 %% output for decon and plotting

274

275 % only M and H for decon

276 file1 = [filename 'MandH.mat'];

277 save(file1, 'Mf1', 'Mf2', 'Hf1', 'Hf2')

278

279 % everything

280 file2 = [filename 'filtered.mat'];

281 save(file2)

282

283 %% count yield

284

285 % nnz(¬isnan(vec))

286

287
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288 %% Statistical deconvolution/clustering of NI results

289

290 clear all;

291 close all;

292 clc;

293

294 %% import data for M and/or H

295

296 load AAFA200 MandH.mat

297

298 m = Mf1;

299 % h = Hf1;

300

301 X = m; %pick m and/or h

302

303 filename = 'AAFA200 k2 ';

304

305 K = 2; %number of phases/order of model

306 %% GMM Determination

307

308 k = 1:5;

309 nK = numel(k);

310 Sigma = {'full'};

311 nSigma = numel(Sigma);

312 SharedCovariance = {false};

313 SCtext = {'false'};

314 nSC = numel(SharedCovariance);

315 RegularizationValue = 0.01;

316 options = statset('MaxIter',10000);

317

318 % Fit the GMMs using all parameter combination. Compute the AIC and BIC

319 % for each fit. Track the terminal convergence status of each fit.

320

132



321 % Preallocation

322 gm = cell(nK,nSigma,nSC);

323 aic = zeros(nK,nSigma,nSC);

324 bic = zeros(nK,nSigma,nSC);

325 converged = false(nK,nSigma,nSC);

326

327 % Fit all models

328 for m = 1:nSC;

329 for j = 1:nSigma;

330 for i = 1:nK;

331 rng(1)

332 gm{i,j,m} = fitgmdist(X,k(i),...

333 'CovarianceType',Sigma{j},...

334 'SharedCovariance',SharedCovariance{m},...

335 'RegularizationValue',RegularizationValue,...

336 'Options',options);

337 aic(i,j,m) = gm{i,j,m}.AIC;

338 bic(i,j,m) = gm{i,j,m}.BIC;

339 converged(i,j,m) = gm{i,j,m}.Converged;

340 end

341 end

342 end

343

344 allConverge = (sum(converged(:)) == nK*nSigma*nSC)

345

346 % |gm | is a cell array containing all of the fitted |gmdistribution | model

347 % objects.

348 %% BIC Check

349

350 % Plot separate bar charts to compare the AIC and BIC among all fits. Group

351 % the bars by k .

352 % figure;

353 % bar(reshape(aic,nK,nSigma*nSC));
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354 % title('AIC For Various $k$ and $\Sigma$ Choices','Interpreter','latex');

355 % xlabel('$k$','Interpreter','Latex');

356 % ylabel('AIC');

357 % legend({'Diagonal−shared','Full−shared','Diagonal−unshared',...

358 % 'Full−unshared'});

359

360 f1=figure;

361

362 Xbic = [1 2 3 4 5];

363

364 sz = 200;

365 scatter(Xbic,bic,sz,'k','s','filled');

366

367 xlabel('k');

368 ylabel('BIC');

369

370 xlim([0 i+1]);

371 xticks(Xbic);

372 xticklabels({'1','2','3','4','5'});

373 set(gca,'FontSize',20)

374

375 % % save fig

376 figname = [filename 'BIC'];

377

378 saveas(f1,[figname '.png']);

379 saveas(f1,[figname '.eps']);

380

381 %% Deconvolution

382

383 % Cluster the training data using the best fitting model.

384

385 % Remember, different crystal orientations may warrant additional

386 % phases/clusters.
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387

388 rng(3);

389 gmBest = gm{K,1,1}; % input correct/desired number of phases in 1st index

390 clusterX = cluster(gmBest,X);

391 kGMM = gmBest.NumComponents;

392 fj = gmBest.ComponentProportion; % "volume fraction"

393

394 x1=cell(1,kGMM);

395 y1=cell(1,kGMM);

396

397 XX = [min(X):0.5:max(X)];

398 Pjo = zeros(1,length(XX));

399

400 f2=figure('Renderer', 'painters', 'Position',[1 1 1000 400]);

401 for c=1:kGMM;

402

403 % index clusters

404 ind= clusterX==c;

405 x1{c}=X(ind);

406

407 % theoretical total and phase pdfs

408 dev{c} = sqrt(gmBest.Sigma(:,:,c)); %std deviation

409 mu{c} = gmBest.mu(c,:); %mean

410 % dev{c} = std(x1{c}); %std deviation

411 % mu{c} = mean(x1{c}); %mean

412

413 pij{c} = normpdf(XX,mu{c},dev{c}); % theo. pdf

414 exp{c} = normpdf(x1{c},mu{c},dev{c}); % height for experimental data stems

415

416 % plot pdfs

417 formatspec = "\\mu {%d}= %.2f, \\sigma {%d}= %.2f";

418 pdftxt = sprintf(formatspec,c,mu{c},c,dev{c});

419 pi = plot(XX,pij{c},'DisplayName',pdftxt);
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420 hold on

421

422 % include experimental data points

423 morespec = "Experimental Data {%d}, f {J}= %.2f";

424 exptxt = sprintf(morespec,c,fj(:,c));

425 Color = pi.Color*0.9 + −0.7*(pi.Color − 1);

426 pu=stem(x1{c},exp{c},'Color',Color,'LineWidth',0.25,'Marker','none','DisplayName',exptxt);

427

428 uistack(pu,'down',c);

429

430 Pj = Pjo + pij{c};

431 Pjo = Pj;

432 end

433

434 % Cumulative pdf

435 cumtxt = ['Total PDF'];

436 cum=plot(XX,Pj,'k','LineWidth',2,'LineStyle','−−','DisplayName',cumtxt);

437 uistack(cum,'top');

438 xlabel('Elastic Modulus (GPa)');

439 ylabel('Frequency');

440

441 % %the histogrammy goes too

442 % Htxt = ['Experimental histogram'];

443 % bin=histogram(X,'Normalization','probability','FaceColor','w','DisplayName',Htxt)

444 % uistack(bin,'bottom');

445

446 % ylim([0 0.1]);

447

448 legend show

449 legend('Location','southeastoutside')

450 set(gca,'FontSize',16)

451

452 % % save fig
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453 figname2 = [filename 'PDF'];

454

455 saveas(f2,figname2, 'png');

456 saveas(f2,figname2, 'epsc');

457

458 %% Posterior probability plot

459

460 XXX = XX(:);

461

462 pij = posterior(gmBest,XXX);

463

464 f3=figure('Renderer', 'painters', 'Position',[1 1 1000 400]);

465 for c=1:kGMM;

466

467 exp{c} = posterior(gmBest,x1{c});

468 uno{c} = posterior(gmBest,mu{c});

469

470 % plot posterior

471 pispec = "Posterior {%d}";

472 pitxt = sprintf(pispec,c);

473 pi = plot(XXX,pij(:,c),'LineWidth',2,'DisplayName',pitxt);

474 hold on

475

476 % plot exp data

477 morespec2 = "Experimental Data {%d}, f {J}= %.2f";

478 exptxt2 = sprintf(morespec2,c,fj(:,c));

479 Color = pi.Color*0.9 + −0.7*(pi.Color − 1);

480 DATuh=stem(x1{c},ones(length(x1{c}),1),'Color',Color,'LineWidth',0.25,'Marker','none','DisplayName',exptxt2);

481

482 % plot the mean of the clusters

483 muspec = "\\mu {%d}= %.2f";

484 mutxt =sprintf(muspec,c,mu{c});

485 sz=150;
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486 mustar = scatter(mu{c},(uno{c}(:,c)),sz,'p','MarkerFaceColor','w','MarkerEdgeColor',pi.Color,'LineWidth',1.5,'DisplayName',mutxt);

487 bump=(kGMM−c);

488 drop=2*(c);

489 uistack(DATuh,'top');

490 uistack(pi,'up',bump);

491 uistack(mustar,'up',bump);

492 uistack(DATuh,'down',drop);

493 end

494

495 %ylim([0.5 1]);

496 xlabel('Elastic Modulus (GPa)');

497 ylabel('Posterior Probability');

498

499 legend show

500 legend('Location','southeastoutside')

501 set(gca,'FontSize',16)

502

503 % % save fig

504 figname3 = [filename 'Post'];

505

506 saveas(f3,figname3, 'png');

507 saveas(f3,figname3, 'epsc');

508

509

510 %% stats

511

512 % MEAN = cell2mat(mu)

513 % STD = cell2mat(dev)

514 % fj

515 %

516 % nnz(¬isnan(X))

517

518 %% histogram of exp data
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519

520 f4=figure

521

522 histogram(X,'Normalization','probability')

523

524 % ylim([0 .2]);

525 % xlim([0 100]);

526 xlabel('Elastic Modulus (GPa)');

527 ylabel('Norm. Frequency');

528

529 set(gca,'FontSize',20)

530

531 % save fig

532 figname4 = [filename 'histo'];

533

534 saveas(f4,figname4, 'png');

535 saveas(f4,figname4, 'epsc');
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APPENDIX B

GRID INDENTATION REGIONS OF FLY ASH GEOPOLYMER SAMPLES

Figure B.1: Grid indentation region of unheated FGP. Cross hair marks center.
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Figure B.2: Grid indentation region of 200◦C heated FGP. Cross hair marks center.

Figure B.3: Grid indentation region of flame heated FGP. Cross hair marks center.
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