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Abstract

The rational design of reactive systems requires the use of kinetic models of system
behavior. However, the development of such models for multicomponent systems is
complicated by conditions of mutual interference in determining reaction rates. Ad-
dressing this shortcoming for mineral systems requires developing methods to solve
the fundamental problem of identity and resolve the partitioning of system behavior
between components. In this work a complete description of the problem of simul-
taneous rate determination under conditions of mutual interference is developed and
progress towards solving this problem in microfluidic and bulk systems is presented.
Results show that there are unique challenges posed in microfluidic systems that hin-
der the ability to accurately partition the behavior of the total system between its
constituents. In contrast, the bulk system permits a practical experimental solution
based on particle size and shape for certain classes of solid mixtures.
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Chapter 1

Introduction

The pursuit of pure systems comprises the vast majority of processing in the chem-
ical industry. Each step in the value chain following the primary extraction of raw
materials has the goal of removing undesired material and potentially upgrading a
desired material to a more useful and valuable state. An emblematic case is that of
petroleum. Crude oil exits the well as a thick mixture of hydrocarbons, sand, dis-
solved gases, and sulfur[57]. As it moves through processing, the sand and gases and
removed, the sulfur is discarded or used for sulfuric acid production, and the hydro-
carbon mixture is fractionated by boiling point|[60]. Further down the value chain,
these hydrocarbons will be used as feedstocks for any number of products, ranging
from pharmaceuticals to pesticides to simple lubricants. The design and engineering
of the processes to handle these chemical transformations requires broad knowledge
of the kinetic and thermodynamic behavior of the system, and a deep understanding
of what factors influence this behavior, and in what ways.

Detailed models of chemical processes provide this necessary understanding, but
require experimental data to formulate and validate. The parameters of these mod-
els are generally unobservable quantities; their values must be calculated or inferred
from experimental results. While performing this task is straightforward in the case
of a single relevant reaction, particularly if clever choices of experimental conditions
can simplify the calculation of certain parameters, the introduction of interfering re-

actions substantially increases the complexity of the problem. Under conditions of
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interference, information gained from experiments offers insight only on the convolu-
tion of the parameters of different mechanisms, and the relationship between directly
measurable quantities and any single unobservable parameter becomes weaker.

The key problem is not in obtaining accurate measurements of the effects of inter-
fering reactions, but in determining the identity of the participants and quantifying
their contributions. This increase in problem complexity is fundamental to the case of
mixtures, regardless of the sophistication and reliability of the techniques to measure
reaction products. Difficulties in multicomponent systems leads to a stifling of model
development for natural systems which are difficult or undesirable to purify, such as
soils. The development of methods to close this knowledge gap is the subject of this

work.

1.1 Kinetic Models

Kinetic models of chemical reactions provide the quantitative capability necessary for
the rational design of reactive systems. These models condense the information gath-
ered by exhaustive kinetic studies to the values of one or more model parameters, and
their relationship to the relevant physical conditions (concentrations, pressure, etc.)
of the system. Such studies generally proceed by measuring the effect of the reaction
on one or more observable concentrations or pressures|74|. Past research has focused
on expanding the range and sensitivity of available measurement techniques, and the
creation of mechanistic models to describe broad classes of reactions. While some
progress has been made in predicting kinetic information from molecule structures
and energetics[131], the study of reaction kinetics still remains largely an empirical
endeavor.

Leaching reactions, involving the removal of one or more mobile species from a less
reactive framework, are an important class of reactions to understand for minerals
processing and agriculture. Heap leaching, a process where reactive solutions are used
to concentrate desired species, generally metals, from large volumes of ore following

primary extraction[103, 44|, is one such example where a strong understanding of
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the underlying reaction mechanisms and could improve efficiency and reduce waste.
Agricultural productivity similarly depends on the rates nutrients become available
from the soil for plant growth[124]. Both ores and soils are generally complex mixtures
of many solid constituents, often of widely varying sizes and physical and chemical
properties|72, 31].

Collecting the data necessary to specify and validate a kinetic model is often a non-
trivial problem. For each unique parameter in a model, a minimum of one additional,
independent, experimental reaction rate measurement is needed to specify its value.
In order to avoid over-fitting to data subject to experimental error, the number of
independent data should, in the general case, much more numerous than the number
of free parameters|[59]. In cases with a large number of simultaneous reactions, it
often becomes necessary to reduce the complexity of the problem through clever

assumptions and study conditions in order to maintain tractability[66].

In many real systems, simultaneous reactions proceed in parallel and series; form-
ing directed graphs with tree-like structures and varying degrees of connectivity be-
tween branches|[126]. Such instances complicate the determination of kinetic parame-
ters for any single reaction by coupling the concentration change of a tracker species
to multiple reactions. Thorough enumeration of the possible reaction pathways, i.e.
constructing a reaction tree, followed by a reduction in dimensionality by removing
the slowest reactions (trimming the tree) is used to manage such cases[26]. Leach-
ing reactions of heterogeneous mixtures with chemically similar compositions pose a

similar problem to that of coupled homogeneous reactions - interference.

The concept of interference in the context of kinetic analysis requires strict def-
inition. For this work, a kinetic measurement is said to made under conditions of
mutual interference if any mixture component exhibits a non-zero leaching rates of
one or more species for which any other mixture component has a non-zero leaching
rate of the same species, or a closely related species. A closely related species is
one whose presence affects the measurement of the concentration of the other and
is therefore dependent on the method chosen to measure concentration. For com-

mon mass-spectroscopy techniques, metal ions of different oxidation states are closely
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related species. The interference is said to be mutual, as the presence interference ef-
fects the ability to make quantitative statements about any of the components; each
phase interferes with the measurement of all phases. This concept is fundamental
mixed systems and forms the key challenge which must be addressed in their quanti-
tative study. The partitioning of the overall observable chemical behavior of a system
among its various components is fundamentally a task of quantifying identity and is

referred to as the identity problem throughout this work.

1.2 The Identity Problem

The identity problem in kinetic analysis refers to the challenge of separating the effects
of multiple simultaneous reactions of unknown rates on the observable concentration
of a single species. If the reactions are independent, a linear combination of their rates
determines the ultimate behavior of the observable quantity, but the inverse problem -
calculation of the rates from knowledge of the observable quantity - is underspecified.
An analogous problem is encountered in the field of signal processing, and is codified
in the famous "Cocktail Party Problem"[18§].

The problem is thus: At a cocktail party with many guests speaking over each
other, how does one distinguish the voices of each guest from the voices of all the
others? This has deep importance for neuroscience[92, 53, 85|, as well as practical
applications in the design of hearing aids and other assistive devices[80, 133]. The
simplest solution one can imagine is to pin a microphone to the lapel of each guest,
however this is generally considered outside the bounds of party etiquette and is
therefore impossible. If same number of microphones, one for each guest, are instead
be placed inconspicuously around the room recording the din of the party, a familiar
math problem is encountered. The waveforms of each guest’s voice are combined in
the recording captured by each microphone, however the ratio of each voice is different
between the recordings, due to sound fading over distance. Both the original voices
and the mixing weights are unknown, and as such the system is under-specified and

cannot be directly solved using standard techniques for linear systems. A common
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method of solution is independent component analysis (ICA)[11], which is generally
very successful at recovering the original signals if given data equal in size to the

number of desired signals.

The parallels to the problem of performing kinetic measurements with interference
are striking. The voices are the desired rates, the microphones are our concentration
measurements, the inability to record the guest individually is the inability to separate
the mixture, and the mixing functions are the experimental conditions which affect
the prevalence of the different mixture components. Unfortunately, the parallels
do not extend to solution techniques and ICA is not suitable for the quantitative
determination of individual leaching rates. This is because the sources found by ICA
may differ by a scaling factor and permutation. That is, the signs and magnitudes
of the rates may not be correct, and it would not be possible to tell which rate
belongs to which phase. For audio signals, these drawbacks are not fatal, as the order
of the guest voices is not important, and their volume (the scaling factor) can be
adjusted until the recording is understandable. For rate determinations, however, a

more deterministic technique is desired.

Developing such a technique requires formulating a rigorous solution to the iden-
tity problem. This amounts to determining the mixing function values before seeking
a solution to separating the voices and requires extra information. For the case of
the cocktail party, if the distance from each guest to each microphone was known,
then a proxy of the mixing function would be available, and the modified system is
a fully-specified linear system of equations. This search for information specific to
a single system component, a single voice in this instance, will be a common theme
throughout this work. Finding a proxy for the mixing function in the chemical case
should also collapse the problem to a linear system, however it is less clear how this
proxy can be determined. Developing an effective method to determine these mixing
values, solving the identity problem, effectively provides the solution to the unknown
rates as well, given the large number of robust techniques for the solution of linear
systems. For this reason, while the goal of this project was the development of a

method to quantify the chemical behavior of mixtures, a large portion of the follow-
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ing text is devoted to procedures to gather and process identifying information on
the mixture constituents. Developing solutions to this problem is the key to enable

the rational design of complex mixtures, including a new generation of fertilizers.

1.3 Non-traditional fertilizers

1.3.1 An urgent problem

The United Nations projects that by 2050, in approximately 30 years at time of
writing, the population of the Earth will have increased by approximately 2 billion
people(98|. Fully half of this growth is expected to occur on the continent of Africa,
with the vast majority south of the Sahara. Struggles with food security have long
plagued many regions in Sub-Saharan African[24, 113] (SSA), and the addition of
one billion more people will stress the food supply even further. As Africa overall is
already a net-importer of food|20], increasing domestic food production is one solution
to current and future food scarcity, and this requires analyzing why domestic food
production has remained insufficient for decades.

The agricultural productivity of the average African farmer is substantially lower
than the average farmer worldwide[6, 2|. There are many possible explanations for
this; some critics point to the small size of the average farm in SSA (>1 Ha)|2]
compared to the developed world ( 1000 Ha (US))|79] and the word ( 2.6 Ha)[35],
others to the low adoption of irrigation technologies (4%)[13, 40], and others to the
much lower application rates of fertilizer in SSA compared to the rest of the world[37].
It is this third point that will be discussed here, as it is the one with the most direct
connection to the chemistry of a complex system.

Low adoption rates of fertilizer in SSA have been identified as a potential cause
of overall low agricultural productivity for decades|90|. High fertilizer costs - SSA
is among the most expensive markets for fertilizer in the world in real terms - is
often identified as the largest barrier to increasing fertilizer adoption rates|77, 141].

Smallholders farmers make up the majority of African food production, and the cap-
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ital these farmers have is limited. The high costs of fertilizer necessitate that the
agronomic benefit, the increase in yield, is likewise large. However traditional fertil-
izers, generally soluble compounds of nitrogen, phosphorus, and potassium (N,P, and
K), have been shown to have reduced effectiveness in tropical soils|61, 130] - which
comprise a large portion of the soils of SSA[5]. These dual barriers, high cost and
lessened agronomic benefit, create a strong economic disincentive to increasing fer-
tilizer use, even as increasing food production remains an crucial development goal.
This multifaceted problem does not have a simple solution, but it does have simple

constraints.

For a fertilizer to succeed in driving adoption in SSA, it must be effective, afford-
able, and available. In engineering terms, these constraints require that the mech-
anism of action of the fertilizer is compatible with the tropical soils present across
much of the continent, that the total cost of production is low, and that the raw
materials are not exotic. Satisfying the first requirement necessitates developing a
fertilizer which does not release nutrients in the form of readily soluble cations. Trop-
ical soils tend to have poor cation exchange capacity|30] (CEC) and this property
causes cationic species, most notably K, to be unable to be held in the soil for long
enough to be available for uptake by plants. A fertilizer which avoids this pitfall must
make cationic nutrients available at a slower rate, so that they are not simply lost with
the first rain. The second requirement places constraints on the processing technolo-
gies available. Simple,single-stage, processing techniques, such as roasting, milling,
and hydrothermal treatment, are preferred to more complex processing which bears
higher costs. The final requirement is a function of the unique context of SSA. In
contrast to much of the developed world, where shipping costs are rarely significant,
transportation to and within the continent remains very expensive|[78, 10]. To satisfy
requirement of affordability, fertilizer production must be collocated to a great degree
with fertilizer consumption and, given that African agriculture is extensive, satisfy-
ing the requirement of availability dictates that fertilizer production be widespread.
The only solution to these dual conditions is if the raw materials for production are

widely distributed and inexpensive. One material in particular has shown promise in
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all three areas, potassium feldspar|[121, 4, 76, 107, 127].

1.3.2 Minerals as fertilizers
Potassium Feldspar

Potassium feldspar (KAlSi3Og) is an incredibly common mineral, with feldspars as
a class comprising an estimated 40% of the Earth’s crust[109]. As a potassium ore,
K-feldspar is very high-grade, containing 14 wt% if pure. It is used in industrial
quantities to produce ceramics, and is generally priced less than $80/ton ( $600/ton
K)[93]. In comparison, a traditional potassium fertilizer, potassium chloride (KCl),
has in the recent past sold for $1100/ton K in Kenya|36]. This difference makes avail-
able a relatively large processing budget ( $500/ton) to produce an effective fertilizer.
The ubiquity and affordability of K-feldspar as a feedstock has attracted research
interest towards producing a better fertilizer for Africa, and multiple processing tech-
nologies have been investigated|[120, 127, 121]. One such technology, hydrothermal
treatment with calcium oxide, has shown promise as a potassium fertilizer compati-
ble with tropical soils|120]. The material obtained after processing, herein called the
hydrothermal material, is a complex mixture of remnant feldspar, calcium-silicate-
hydrate (CSH), and calcium-aluminum-silicate-hydrate (CASH) phases. An example

micrograph of the material is provide in Figure 1-1.

Figure 1-1: An example micrograph of the hydrothermal material. The gel-like shell
of CASH phases is clearly seen coating the remnant feldspar.
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Optimizing the fertilizing properties of the material requires optimizing its compo-
sition. The material composition is tuned through processing, and, while optimizing
the processing conditions is beyond the scope of this work, such optimization requires
that an optimal product exists. There must be a known target towards which to
optimize. It is not feasible to brute-force the study of the fertilizer properties of the
material, at all conditions of interest, for all possible permutations of the processing
conditions. Mechanistic knowledge of the kinetics of nutrient release for each phase
present in the material would allow the identification of an optimal composition for a
given chemical (soil) environment. Validating a kinetic model for each phase, and ob-
taining estimates for the kinetic parameters, requires knowledge of the reaction rates
in different chemical environments. Traditionally, this would be done by separating
the material and measuring the components individually, but the hydrothermal ma-
terial has proven very difficult to effectively separate. Knowledge of the aluminum,
potassium, and calcium leaching rates is most important, agronomically, as the first
is phytotoxic|144, 95, 48|, and the others are agricultural valuable. Each of these
species is present in multiple phases of the material, and can therefore leach from
multiple phases. Without the ability to study these phases independently, this prob-
lem is, exactly, the determination of kinetic parameters under conditions of mutual

interference.

Other Minerals

Beyond feldspar, a wide range of so-called ’agrominerals’ have been investigated for
use as fertilizers[130, 22|. As the majority of minerals are formed of a silicate or
alumino-silicate framework, it is likely that the processing of many of these agromin-
erals will produce a complex mixture of secondary silicate and/or alumino-silicate
minerals. Determining the properties of these phases is crucial to predicting the fer-
tilizing ability of these materials and developing optimal processing pathways and
conditions for various soil chemistries. Once again, it is kinetic models which enable
these predictions and optimizations.

Beyond the pressing challenge of securing Africa’s food supply, there exist gen-
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eral opportunities for novel fertilizer materials to solve widespread challenges with
fertilizer use outside tropical soils. Eutrophication, the poisoning of water bodies by
nutrient runoff, is a common occurrence in developed nations and a major ecological
concern|52, 140, 65]. In contrast to the poor CEC seen in tropical soils, non-tropical
soils often have poor anion exchange capacity (AEC) and therefore cannot hold an-
ionic nutrients, nitrate and phosphate in particular, for long periods of time. This

reduces the effectiveness of these nutrients for increasing crop yield.

Fundamentally, this problem arises due to a mismatch in rates. The maximum
rate of nutrient uptake by a plant is less than the dissolution rate of the rapidly
soluble compounds (e.g. ammonium nitrate, mono- and di-ammonium phosphate)
widely used as fertilizers. As the plants cannot use the nturients at the rate they
are made available, and they cannot be held by the soil, the potential of the excess
nutrients is wasted. Materials with a slower nutrient release rate may help address
this problem by reducing this rate imbalance. The complex chemistry of mineral

fertilizers offers an avenue towards creating these slow-release materials[130].

1.4 Prior Art

Questions on the efficacy of fertilizers and leaching rates of minerals are not new.
The fields of agronomy, soil science, and geology have been studying the complex
chemical interactions of multicomponent mineral systems since their inception. The
experimental methods used in these fields are well-suited to the study of the overall
behavior of complex systems, but make no attempt to solve the identity problem
and are therefore limited to qualitative statements about the behavior of individual
system components. The most relevant techniques in common practice for soil and
mineral analysis are batch leaching and flow column leaching[100]. These are often
performed in concert with separation techniques, in order to ascribe different behav-
iors to different soil fractions. There is a noted lack of methods to study separate

mixture components without the ability to effectively separate them.
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1.4.1 Batch leaching

Soil testing is often aimed towards quantifying soil fertility. This is done by measuring
the amount of nutrients released by the soil when subjected to certain chemical con-
ditions, with the final number generally normalized by the mass of soil tested. These
numbers are then compared to benchmarks for nutrient content, and fertilizer rec-
ommendations are made depending on which nutrients are found to be deficient|25].
The test procedure is very straightforward, a known mass of soil is added to a known
volume of leachant solution and allowed to equilibrate[100]. Common leachants are
dilute aqueous solutions of organic acids, simple salts, and mineral acids||. Differ-
ent results will be obtained for leachants of different strengths, and these different
numbers are sometimes ascribed into categories, such as soluble, exchangeable, and
non-exchangeable nutrients, according to the strength of leachant required to promote
its release into the solution|81, 106]. This procedure is often performed on soil frac-
tions and qualitative statements are made as to the source of the various categories
of nutrient release. Ultimately, however, batch leaching is not a technique for kinetic
analysis, but a method for determining the equilibrium concentration of these species
above the surface of the minerals.

While there is value in determining these equilibrium concentrations, it does not
offer direct information on the kinetics of leaching for each phase. The results can
be approximated as the average concentration of some species in the water of the soil
pores, but says very little about the total rate of availability of this species from the
soil sample. For the application of novel fertilizer analysis, it is these rates that are

desired and therefore traditional batch leaching is an insufficient source of information.

1.4.2 Flow column leaching

A soil column can be considered a tubular packed-bed reactor with a heterogeneous
packing material[100]. The soil in question is a discrete entity through which the
leachant solution is driven, generally at very low flowrates( 10-7L/s)[63]. Key insights

are offered by these experiments into the transport of species, particularly pollutants,
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through soils[32, 63|. The impact of fertilizer and organic matter additions to the
nutrient leaching behavior of soil have also been investigated|87, 145]. As flow is
an inherent property of these systems, there is a fundamental difference between
soil columns and batch leaching experiments. The solution surrounding each soil
particle is refreshed with some frequency, which, if often enough, shifts the mechanism
controlling the species concentration in solution from equilibrium behavior to kinetic
behavior. Flowrates in common use rarely exceed hundreds of nanoliters per second,
as the experimental target is generally to study the mobility of certain species through
soil under relatively stable moisture conditions. This is intrinsically different goal than
the quantification of leaching rates from a multicomponent system, and no attempt
to do so using soil columns is noted in the literature.

As in the batch leaching case, no attempt is made to solve the identity problem.
The experimental design is such that the independent variable is the addition of a
pollutant, or fertilizer, or the composition of the leachant solution, and this leaves
no pathway for quantifying the contribution of each phase to the observed overall

behavior without physical separation of the mixture.

1.4.3 Segregation techniques

Each of the above techniques is commonly employed on fractions of the total soil
mixture, which are generated through one of several common techniques. Physi-
cal separations based on component density or size are the most common, and the
mechanics of soil sedimentation often pre-sort the soil to some degree according to
depth from the surface[39, 86, 12]. Fractionation by size, generally performed by
sieving[100], is facile at larger particle sizes, but electrostatics often precludes dry
separation of particles smaller than approximately 30 microns|82], and aggregation
of particles can cause incomplete separation of phases by size. Wet sieving can be
performed to help mitigate size aggregation and size restrictions[112|, but can also
promote the formation of aggregates, subject to the surface chemistry of the system.
Pure fractions of only a single component are rarely obtainable through size separa-

tion alone, and therefore the size fractions of a soil mixture are mixtures themselves,
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and subject to interference during kinetic measurements. More aggressive techniques
involve selective dissolution of certain phases, using interrogative procedures designed
to preserve certain classes of minerals while removing others|[100]. Such techniques
are known to be unreliable, in the sense that the range of soil chemistries is so broad,
that completely removing one phase without altering another is a very difficult prob-
lem. These techniques, then, are reserved for systems with chemically very dissimilar
constituents. Again the obtained mixture fractions are likely to be impure and inter-

ference will be present during kinetic measurements.

1.5 Summary

Kinetic models are the starting point for effective process engineering. Technological
progress has made creating and validating these models simpler than ever for single-
component systems, but these advances have not extended to general mixtures. The
problem of identity, of partitioning one measurable value among multiple independent
causes, is a core part of the underlying structure of these situations. A solution to
the identity problem is both the lock and key to enabling the extension of a host
quantitative kinetic analysis procedures to multicomponent systems. Such a solution
is a necessary component of permitting the rational design of novel fertilizer materials
from natural mineral feedstocks. These new materials may, in turn, provide a solution
to challenges with fertilizer effectiveness in tropical soils and help to address long-

standing struggles with food security in Africa.
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Chapter 2

Hypothesis

2.1 Limitations of Existing Techniques

Direct measurement of the rate of leaching for a single component of a solid mixture
is limited to cases where the component of interest is not subject to significant inter-
ference, such as when it leaches a unique species. In such cases, inferences must be
made as to how leaching rates of species subject to interference relate to the measur-
able rate, as stoichiometric (congruent) leaching cannot be guaranteed[119]. Further,
the determination of the kinetic parameters of a reaction rate model requires multiple
measurements of the rate of reaction under different chemical conditions. Reliance
on the measurement of a single species concentration to describe the entirety of a
solid’s multispecies leaching kinetics is, fundamentally, extrapolation and increases
the uncertainty of each derived value.

In the case of m solid components leaching n distinct species, there are a total of
m x n unknown leaching rates. If congruent leaching cannot be assumed, then each
non-zero rate for each solid is independent, and information gathered about one does
not reduce uncertainty in the value of another. This implies that mn pieces of infor-
mation must be known in order to specify the rates. With modern techniques, such
as mass spectroscopy, it is generally possible to reliably measure the concentration of
individual species in a complex solution. This allows each individual experiment to

provide n pieces of information. These results together would see the system closed
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with m experiments, however, in practice, this is not the case.

Simply repeating an experiment a number of times offers no original information.
Independent experiments, where the manipulated variables in each experiment are
linearly independent from all other experiments, are required to gather the necessary
information. For the case of solid mixtures, there is no adjustable parameter which
may be used to design independent experiments without introducing additional vari-

ables.

Heterogeneous reaction rates are commonly described as the product of an intrinsic
kinetic rate, r and the active surface area of the solid, A [123|. In any leaching
experiment, there will be mn unknown r values and m unknown A values a priori.
This construction fixes the number of static unknowns to the mn intrinsic rates,
and provides m adjustable parameters with which independent experiments may be
designed. Measuring the solid surface areas, as well as the leachate concentrations,
provides m—+n pieces of information with each experiment, but due to the introduction
of surface area as a new variable, only n of these help to specify the problem of interest.

As before, m independent experiments are needed to solve the system.

Each set of m experiments allows one independent estimate of the rates. If there is
no error in the experimentally measured areas and concentrations, then any nominally
independent set of experiments will allow an accurate determination of the reaction
rates. Under conditions of uncertainty, however, the experimental design becomes
critically important. Without defining a model, the problem to solve is of the form
RA = D, where R is the matrix of rates, A is the concatenation of the column vectors
of component areas, and D is some transformation of the experimental measurement
dependent on the type of experiment performed. If A is invertible, R can be found
via simple matrix inversion. In this case, the uncertainty in the determined rates
is dependent both on the experimental error in D, which is likely to be low, and
the condition number of A, which is a function of experimental test matrix. An ill-
conditioned matrix will drastically increase the variance of the estimates of R and, in
turn, necessitate a larger number of experimental sets to produce reliable confidence

intervals for the average values of the rates. Given the number of experiments in each
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set can also be large, if the number of solid phases is large, practical concerns dictate

a careful design of experiments approach to this problem.

The design of independent experiments involves the manipulation of the active
surface areas of the mixture constituents. In the case of total control over mix-
ture composition, the problem to be solved is trivial; each mixture component could
be measured separately. Therefore, this work focuses on cases, such as naturally-
occurring mineral mixtures or products of mineral processing, where the composition
of the mixture may be controlled within some range that does not generally include re-
duction to individual components. Physical separation based on size (sieving), density
(flotation)[116], or magnetic properties (magnetic separation)|96] are well-developed
industrial processes that may be employed to create independent mixture fractions

that can then be used in independent leaching experiments.

Measurement of the surface areas of each component of an arbitrary solid mix-
ture is an unsolved problem in the general case. This is subject to the coastline
paradox|50], the quantity measured depends on the length scale of measurement and
increases without bound as the measurement length decreases. Several bulk tech-
niques, such as gas absorption|91], gas permeability[14], and laser diffraction[8] exist
which may be used to estimate the specific or total surface area of an entire mix-
ture, but, on their own, these techniques provide no information on the area of each
constituent. Microscopy may be used to gather phase-specific information on parti-
cle sizes and areas|34], but the restrictions of small sample sizes and long analysis
times create barriers to its use as the sole solution to the measurement problem. Re-
cent interest has been shown in the development of microfluidic techniques to study
mineral leaching [19, 139]. While these techniques are powerful, they are currently
limited to studying pure systems as no frameworks exists to extend the technique to

multicomponent leaching.
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2.2 Scientific Gap

There exists no single technique, or combination of techniques, in current practice
with which to study the kinetics of leaching of individual components of solid mixtures
under conditions of mutual interference. This hampers the study of systems for which
component separation are not possible, and the identification of new materials with
desirable properties. Closing this gap by providing a practicable technique with which
to study solid mixtures will aid in the identification of candidate materials for new
fertilizers, assist in the study of complex solid-liquid systems such as concrete, and

provide insight towards the solution of similar problems in other fields.

The core problem is one of identity. Mixing physically averages many identifying
properties of the mixture constituents and while techniques exist to measure the
relevant quantities (e.g. specific surface area), past investigations have produced no
general method to partition these overall measurements into phasal contributions.
As such, the calculation of phasal contributions to overall leaching rates remains an

unsolved problem.

2.3 Hypothesis Statement

Quantitative determination of heterogeneous reaction kinetics under conditions of
mutual interference requires the development of techniques to quantitatively identify
phasal contributions to mixture surface areas. It is hypothesized that image analysis
of two-dimensional sample sections within a microfluidic channel can provide the nec-
essary information to accurately calculate individual leaching rates under conditions
of mutual interference. It is further hypothesized that, under certain conditions, the
deconvolution of mixture particle size distributions will allow these same calculations

for bulk powder samples.
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2.4 Procedure to Test Hypothesis

It is first necessary to demonstrate the capability to accurately estimate surface areas
for single component systems in the microfluidic and bulk cases. Then, a proce-
dure to identify contributions from individual mixture components is necessary. In
the microfluidic case, this will be performed by image analysis of micrographs, with
features discrimination achieved through high-dimensional filtering, cluster analysis,
and machine learning. In the bulk case, surface areas will be estimated through the
deconvolution of the mixture particle size distribution into the PSDs of each phase.
From here, a family of identity distributions will be created, specifying the phase
prevalance at each size range. The application of a phase-specific shapefactor func-
tion to each size range and modulated by the identity distribution will enable the
calculation of phase-specific surface areas. Lastly, continuum models for the leaching
experiments in both cases are necessary to relate measured concentrations to reac-
tion rates. Leachate concentrations will be determined by inductively coupled plasma
mass spectroscopy (ICP-MS) in nitric acid solution. A full statistical treatment of
the propagation of error from the surface area estimations to calculated rates and
kinetic parameters will be performed in concert with a rigorous examination of the
information flow between the experimental results and the parameter values, in or-
der to minimize both the number of experiments needed and the uncertainty in the

derived parameters.

2.5 Assumptions

In order to make the problem of mutually interfering reactions mathematically tractable,

the following assumptions will be enforced for both the bulk and microfluidic cases:

1. The leaching rates of each solid phase are independent. This enables the use
of a wider range of solution techniques to solve for the rates after collecting
sufficient data. It is likely to hold if the enumerated solid phases are present only

as distinct particles, and are sufficiently dilute in a fluid suspension. Particles
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of mixed identity, solid solutions of minerals for example, will likely violate this

assumption.
. Steady or pseudosteady leaching behavior is achieved for each solid constituent.

. Each solid phase has a single identifiable average rate for each chemical species
that it leaches. It is necessary that the leaching experiments are probing the
same rates. If these rates change between experiments, this effectively intro-
duces more variables and hinders or prevents the ability to gather enough infor-
mation to solve the system. In the context of statistical analysis of the leaching
rates, we are constraining the probability density of each rate to be non-uniform,

unimodal, and of finite variance.

. The geometric surface area is a strong proxy for the chemically active surface
area of leaching. This neglects the effects of porosity, which can be difficult to
measure, and the mechanistic effects of micro- and atomic- scale surface features
(grain boundaries, egdes, dislocations, etc.) which may have outsized influence
on leaching behavior|143]. Such effects, being highly specific to a single surface,
are not ammenable to study in a mixture. If the prevalence of porosity and
important features are roughly constant along the surface of each phase, then
the error in the leaching rate determination introduced by this assumption is

only a constant factor, which may be corrected later in a more focused study.

. No homogeneous reactions affecting the measured concentration of species are
present. This assumption is less restrictive than it may appear. The only ho-
mogeneous reactions that cannot occur are those which would affect the mea-
surement of the concentration of a leached species. Transformations such as
Al(OH),,, +4H;, — AlF + 4H,0; which would not affect the measured con-
centration of the leached species (Al, in this example), are permitted. Precipita-
tion reactions are strongly prohibited. The use of this assumption necessitates
experimental conditions that uphold it, notably that concentrations of leached

species during experiment be kept low to minimize any potential for such homo-
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geneous interference. Such conditions are also required to prevent equilibrium

effects from interfering with assumption 2.

2.5.1 Microfluidic Case

Additional assumptions are enforced for the microfluidic case only:

1. The organic medium surrounding the mounted samples is impermeable to the

leachant solution.

2. Chemical interaction with the channel walls is identical in all experiments.

2.5.2 Bulk Case

Additional assumptions are enforced for the bulk case only:

1. Mixtures are comprised of particles of distinct identities and size distributions.

2. The leaching of mixtures does not create particles

2.6 Summary

Determination of the intrinsic rates of leaching reactions in solid mixtures may be per-
formed via the measurement and manipulation of mixture component surface areas.
Microfluidics offers a key opportunity to study distinct surfaces and surface features
under leaching conditions. Bulk powder experiments offer greater laboratory acces-
sibility with minimal sample preparation. Prior work has identified the suitability of
microfluidics for the study of relatively pure systems, however, a framework describing
how the technique may be rigorously applied to multicomponent systems is lacking
in the literature. It is hypothesized that such an extension can be performed through
estimation of solid phase surface areas via image analysis, and a further extension to
bulk powder leaching is possible under conditions of particle conservation. Validating

the hypothesis requires (1) demonstrating the suitability of image analysis and PSD
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deconvolution as surface area estimation techniques, (2) developing a mathematical
description of the information flow in these systems to inform a design of experiments
approach, and (3) experimental investigation of solid mixtures under leaching condi-
tions and the calculation of the intrinsic leaching rates. Successful validation of the
proposed work would allow the quantitative investigation of the leaching behavior of
important and prevalent solid mixtures, such as soils. Following these determinations,

greater predictive ability for the behavior of complex solid mixtures be available.
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Chapter 3

Framework for Multicomponent
Microfluidic Leaching Rate

Determination

The use of microfluidics to investigate mineral systems dominated by a single com-
ponent has seen increased interest in recent years[19, 139]. Due to the small scale,
microfluidics offers the potential for greater control of the leaching conditions and the
ability to operate far from equilibrium with manageable fluid flowrates. An extension
of the previously developed single component microfluidics techniques to mixtures is

the focus of this chapter.

3.1 Experimental Method

The microfluidic leaching procedure considered herein requires a channel for fluid flow,
which is able to be securely mounted above a two-dimensional sample surface. An
inlet port brings fresh leachant solution into the channel and an outlet port removes
the leachate. The leachate is collected, in batches of equal volume, for analysis of the
concentration of leached species. Small channel volumes and relatively high flow rates
are used to keep the residence time in the channel low (7<1 minute) in order to allow

a rapid approach to pseudosteady behavior. A schematic of the experimental setup
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is shown in Figure 3-1 to serve as a visual aide during discussion of the continuum
model; photographs of the device used in this work are presented with experimental
results in Chapter 4.

Impermeable wall

Leachate
H Leachant fluid
fluxes

Leached surface

Figure 3-1: Schematic of the microfluidic leaching process

3.2 Continuum Model

Defining a control volume of the fluid in the schematic of Figure 3-1, containing the
fluid between the mineral surface and top of the microfluidic channel, the following

general balance on the species leached from the surface can be written:

ou

= = V- (DVu) — V- (#u) + f(u) (3.1)

Where u is the vector of species concentrations, D is the corresponding vector of
species diffusivities, ¢ is the flow velocity vector, f is a function describing homoge-
neous reactions, and ¢ is time.

Several assumptions are helpful for reducing the model to a more practical form,

in addition to those stated in 2.5
1. Pseudosteady behavior
2. Incompressible, uni-directional flow
3. Diffusivities are constant for each species

Under these assumptions, the model reduces to:
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Where z is the principal flow direction, y is the direction perpendicular to the
mineral surface, and z is perpendicular to x and parallel to the mineral surface.

The channel has a square cross-section of side length H and length L, and the

fluid has an average velocity V; scaling the equation with these values yields:

DL 1 9*u 1 0*u 1 9%u. Ou
=—(5=—+-—= +— )—v
V. L*0n;  H?On;  H?O0n: 0N

(3.3)

Comparing the magnitudes of the coefficients of the second derivatives, diffusion in the
z-direction is negligible as the ratio of the diffusive term in x-direction to those in the
y- and z-directions is expected to be the square of the reciprocal of the channel aspect
ratio, ( 1075). The Péclet number is expected to be large ( 10*), which also supports
neglecting axial difusfusion. Diffusion in y and z is the only transport mechanism
in these directions and cannot be neglected on the basis of scaling. Rewriting the

equation given these simplifications:

DL, 1 0*u 1 0>u. _Ou

v \mae T mop)  on (34)
Boundary conditions for 3.4 are:
u(0,7y,7m.) =0 (3.5)
—Dg—;ymo _ ; (3.6)
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g—uz naz=01 = 0 (3.8)



That is, the fluid enters the channel free of any species, species leach into the
fluid from the mineral surface at a rate determined by their leaching kinetics, and the
channel walls are impermeable to the diffusing species. Multiple cases are present in
3.6, as multiple surfaces are present at the interface between the sample and fluid.
These surfaces may leach at different rates, or not leach at all, mandating multiple
boundary conditions at y = 0. This complication all but necessitates the use of
numerical techniques to solve 3.4, if the full concentration profiles of the species are

desired along the length of the channel.

A further simplification is possible if only the flow-averaged concentration (mixing
cup average) at the outlet of the channel is desired. Each term in the equation can be
averaged by integrating over the cross-sectional area of the channel, and dividing by
the integral of the velocity over the cross section. For clarity, the scaled dimensions

will be returned to their unscaled state:

D Ha2 H82 H 9u J..d
ozH—(/ 8—121dydz+/ 8—1;dzdy>—ff0;ax T 39)
ffo vdydz o 9Y 0o 0Oz ffo vdydz

The denominator of the D term can be replaced by the volumetric flowrate ¢.
Proceeding with the first integration of the diffusive terms and moving the z-derivative

outside the integral:

D H oy H " 54
-2 ([ Gl [ 5

The term on the far-right is now recognizable as the definition of the flow-averaged

" ) 0 JJo vudydz (3.10)

0 O ffOHvdydz

(or mixing-cup average) concentration, us. Working to the left, the integral of the
z-derivative vanishes due to the no-flux boundary conditions in z. The integral of the

y-derivative vanishes at H, but takes on multiple, constant, values at 0.

0= % <{r’g)}Hz) - dLA (3.11)

The first term vanishes everywhere on bottom of the channel except where an
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active surface exists, in which case the leaching flux of that surface diffuses into the
fluid. Completing the integration:

1
uy = —ra(x) + ug (3.12)
q

where u is the flow averaged concentration at the channel inlet, ¢ is the volumetric
flowrate in the channel, and a(x) is a vector containing the total active surface area
of each relevant phase from the channel entrance to coordinate x.

At the end of the channel, and assuming no leached species are present at the

channel inlet, the model becomes:
uy = -rar (3.13)
q

where ar is a vector of the total surface area of each relevant phase in the channel.
Eq. 3.13 is a much simpler model than that of Eq. 3.4, yet captures all of the
relevant physics to enable the determination of the leaching rates. Simulations of the
full solution, shown in Figure B-1 comparing the cross-section-averaged concentration
to the flow-averaged concentration, show the difference disappears rapidly once the
leaching reactions are no longer present. Within roughly one millimeter from the end
of the reactive zone of the channel, the fluid is fully homogeneous. This suggests
that the full solution is necessary only in cases where it is desired to measure the
concentration at an intermediate point in the channel close to the reaction zone. In
the case of measurement occurring after the fluid leaves the channel, Eq. 3.13 provides
the link between the quantities which must be experimentally measured, uy and ar,

and the desired unknowns, r.

3.3 Design of Experiments

For microfluidic leaching systems, the test matrix is the set of desired mixture surface
areas present in each trial. It is necessary that this matrix have rank at least equal

to the number of mixture constituents; that is, that the number of independent
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experiments is at least equal to the number of rates to be calculated. In excess
of this requirement, it is desirable for the condition number of this matrix to be
low, representing a large divergence from linearity between experiments, in order to
reduce the uncertainty in the derived rates. As the surface areas of individual mixture
components is not, generally, a freely variable parameter, there are constraints on the
conditions which are experimentally accessible.

The small sample size utilized by microfluidic techniques increases the probability
that separate trials will have different starting compositions. This small sample effect,
essentially an exploitation of the greater sampling bias in small samples, can be used to
directly produce independent experiments in separate microfluidic channels, without
pre-treatment of the mixture. Control of sample composition using this technique is
limited, however it can be employed on any kind of sample. If a pre-treatment method
is available to enrich a mixture in one or more components (e.g. sieving, flotation,
magnetic separation, etc.), then sampling from multiple mixture fractions can further
increase the differences between samples, and therefore their experimental value. A
detailed analysis of the experimental design considerations of size-based separation

for the bulk powder case is presented in Chapter 6;

3.4 Surface Area Determination

Microscopic investigation of the surface exposed to the fluid in the microfluidic is a
convenient method to effect surface area measurement. The problem of separating dis-
tinct image objects from a suitably uniform background is effectively solved [51], like-
wise, utilities to measure the size of these objects is incorporated into many software
packages. Therefore, obtaining the total exposed mineral surface area in a microfluidic
sample is, relatively, straightforward. The hard part of the problem of quantifying the
phase-resolved areas is identifying each object and grouping the like-objects together.
In contrast with the problem of image segmentation, classifying image objects into
pre-determined categories is still an area of active research[42, 108, 43|. The ability

to accurately perform such classification is an essential component of the extension
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of microfluidic leaching techniques to multicomponent systems. The various classifi-
cation methods used in this work are briefly presented below, and results are given

n 5.

3.4.1 Image Analysis

To aid the segmentation of images of microfluidic samples, An automated routine
was created in the MATLAB scripting language. This routine separates the image
background from the present objects - mineral features - and collects measurements of
the areas, and other shape features, of the objects. This data can then be used to effect
classification of the objects themselves. All microscopy techniques offer access to the
shape of the observed objects, which motivates the use of shape factors in addressing
object classification. In addition, electron microscopes can offer information about the
chemical composition of objects, which can also serve as a useful tool for classification.
The differing interaction of polarized light with crystalline features is commonly used
in petrology for mineral study[16], and could also offer another avenue through which

to identify mineral features.

Shape Factor Classification

Simple shape factors, such as aspect ratio and circularity, are commonly used in other
fields [114, 94, 137] to classify image objects. Their application to mineral powder
samples seems a straightforward extension, and some higher-dimensional shape factors
are found in the literature for this purpose [105]. Given the need to classify the images
into an a priori unknown number of categories, a general method of grouping similar
values is required. In this work, cluster analysis using two algorithsm: Density Based
Spatial Clustering of Applications with Noise (DBSCAN)[33] and Ordering Points To
Identify the Clustering Structure (OPTICS)[3] is employed to analyze the plots of

object shape factors and filter image noise from physical objects.
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Chemical Classification

In addition to shape data, the information provided by elemental analysis of im-
age objects has strong discriminatory potential, so long as the phases are chemically
distinct. This has the drawbacks of limiting the observation technique to an elec-
tron microscope equipped with an energy dispersive spectroscopy (EDS) system and
drastically increasing the time required to generate sample images compared to op-
tical microscopy. The size of objects which can be reliably studied via EDS has a
strict lower bound, due to the finite interaction volume of the electron beam with the
sample [45]. This is highly sample-specific, but is generally on the order of several

microns|132].

3.4.2 Classification through Machine Learning

Image classification is one of the original use cases for machine learning (ML), and still
an active area of research|[62, 58|. The ML technique leveraged in this work is classifi-
cation via a Convolution Neural Network (CNN). An overview of the basic machinery
of CNNs is presented in Section 5.4. Before being used for classification the network
must be trained using a set of images with labeled objects. These training images
must be created manually, if they can be automatically generated, the classification
problem is already solved, and represent a significant hurdle to the implementation
of ML to this classification task. The number of training images needed is a function
both of the desired classification accuracy and the number of possible categories, but
is generally of the order of thousands of images per category [29]. As generating such
a large number of training images was not feasible for this work, a transfer learning
approach was adopted. A CNN that was previously trained to classify images of
general objects (animals, household objects, etc.) was retrained to classify minerals

using a small number of manually labeled images of minerals in microfluidic channels.
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3.5 Rate Calculation

Calculation of the intrinsic leaching rates follows directly from the continuum model
of Eq. 3.13 and efforts to quantify surface areas. In the absence of experimental
uncertainty, rates can be directly calculated through matrix inversion. Note that
this requires a number of independent experiments equal to the number of mixture

components.

r=qU AL (3.14)

where U, and Ap are matrices whose columns are the uy and ar vectors of
independent experiments, respectively.

This construction has several advantages: is fast to solve, requires the small-
est amount of experimental data of any solution technique, and, if At is invertible,
is guaranteed to have a unique solution. However, experimental uncertainty in U 4
and/or A may cause the unique solution for r to be unrealistic. The condition number
of A determines how the uncertainty in A ultimately affects the confidence intervals
of the values in r. Strong experimental design is the key to ensuring a small condition
number, and therefore reliable rate estimates. The more different the sample surface
is between experiments, the more independent the columns of A, and the smaller
the condition number. As the number of mixture components increases, so too does
the number of independent experiments required to calculate r, which poses another,
subtler, challenge to calculating rates. As discussed previously, the individual com-
ponent surface areas are not generally free to vary. The experimental design space is
constrained, with constraints dependent on the techniques available for separating the
mixture and their efficiency. As more experiments are required over this finite design
space, the degree of linear relation between conditions must increase, which, in turn,
leads to widening confidence intervals for r. The realities of experimental error and a
constrained experimental design space prohibit direct inversion from being a reliable
solution method in the general case. Instead, parameter estimation techniques will

be used to smooth noisy data and mitigate limited linear dependence.
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The rate calculation can be re-cast as a linear model problem:

Uogq =A"r; +¢ (3.15)

where U; is a vector of measured concentrations of species ¢ across different trials, ¢
is the vector of flowrates in those trials, o is the Hadamard (elementwise) product,
AT is the transpose of the matrix of phase surface areas, 7; is the unknown vector
of leaching rates of species ¢ from the mixture phases, € is an error term, generally
assumed to be normally distributed with zero mean and constant variance.

In this construction, the entries of r; are coefficients of the independent variables
in A. The abandonment of an exact solution technique due to collinearity in the
variables A, also promotes the abandonment simple linear regression techniques. In-
stead, parameter estimation techniques developed using information theory, notably
the method of generalized maximum entropy (GME)[47] will be used to estimate
r;. This technique mitigates the effects of significant collinearity in the independent
variables and is described in greater detail in Appendix A.2.

Like all parameter estimation techniques, the values of the parameter estimates
will becomes more reliable the more data is used in their calculation. At least one ex-
periment is required to calculate any estimates, though the accuracy of any estimates
calculated from a number of experiments less than the number of estimates is likely
to be poor. In practice, a number of experiments which is equal to the number of
parameters to estimate is the absolute minimum, and three-to-five times this number
is necessary to begin to perform descriptive statistics on the values of the parameters.
For the leaching rates, this translates to a minimum of one experiment per mixture

constituent, with three-to-five times this number being more realistic.

3.6 Post-experimental Validation

The key advantage of microfludic leaching, that the surface features are not anony-
mous, enables the use of relatively simple methods to validate rates calculated from

experimental data. Comparison of the elemental content of features pre- and post-
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leaching, and the relative changes of each element, can provide an additional line of
evidence, although indirectly, for the leaching rate values. Care must be taken to
ensure that such measurements are representative; for instance, composition mea-
surements via EDS should be distributed broadly among features along the channel,
rather than clustered. EDS, while among the most convenient methods for a qualita-
tive comparison such as this, can be sensitive to surface roughness|118] and as such
the quality of surface preparation pre-experiment, and the condition it maintains
post-experiment, are key to achieving accurate results.

A further qualitative factor is the presence or absence of phases after experiment.
If a large leaching rate is calculated for a certain phase, the effects of that chemical
change may be visible when comparing images of the phase before and after exper-
iment. If a near-zero rate is estimated, then there should be essentially no change
across leaching. These qualitative descriptors help to physically bound the otherwise

purely mathematical exercise of rate estimation.

3.7 Selection of Relevant Phases

As described in Section 3.5, the number of experiments needed is dependent on the
number of phases in the studied mixture. The absolute value of this number for any
real mixture is a matter of philosophical concern, particularly with minerals. Many
minerals exhibit wide ranges of solid solution behavior, even within singular nominal
particles[56, 83]. While defining this number is difficult, it also has great consequences
on the practicality of acquiring enough experimental data to calculate reliable rate
estimates and therefore requires careful consideration.

In any mixture, it is likely that a subset of phases will dominate the overall leaching
behavior and, in such cases, it is desirable that the number of required experiments
does not greatly exceed the number of dominant phases. That is, when one desires
to know only a subset of the leaching rates, then it is desirable to only perform a
number of experiments commensurate with the number of important phases. The

most straightforward path to this end would be to simply neglect all phases believed
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to be unimportant to the mixture leaching behavior by not including surface area
measurements for these phases in the A matrix. However, this simplistic approach
introduces non-random error to the linear model described in Eq. 3.15. This effec-
tively introduces a problem with latent variables and this can cause difficulty when
estimating parameters using standard regression techniques, which assume the pa-
rameters contain all of the information needed to map the dependent variables to the

independent variables.

A more suitable method is to create a mixed-effects model, where the undesired,

minor, rates are represented as non-random, linear, error terms.

Uog =ATr; + BTw; + ¢ (3.16)

Where BT is a matrix of the surface areas of the minor mixture components and

w; is an unknown vector of the rates associated with these components and species i.

This classic mixed-effect formulation can be made more suitable for the applica-
tion of rate estimations by collapsing BT to a single value per experiment: the total
surface area of all minor mixture components. The weighting terms, w;, then become
the average rate over all minor components, a value of little utility. Under this formu-
lation, the BT and w; terms can be subsumed into the A” and r; terms, respectively,

yielding a final form:

i T Ti1
Usj 4,
4ty A1t A2ty --- Qmy bt1 Ti,2
Uity . . . .
o : = : : : + € (317)
qtn al’tn a2,tn Ce e btn Tz',m
Ui t,,
L | w;

where u;,;, denotes the measured concentration of species ¢ in trial 1, a;,, is the
estimated surface area of major phase 1 in trial 1, b, is the total surface area of the

minor phases in trial 1, and r;; is the leaching rate of species ¢ from phase 1.

This formulation shifts the burden of accounting for the systemic error, introduced
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by intentionally neglecting the leaching contribution of minor phases, away from the
desired parameter values,r;, to the non-random error parameter, w; enabling a more
accurate estimate to be acquired. Data requirements are reduced from a minimum of
one per phase, regardless of importance, to a minimum of one per relevant phase plus
one additional experiments, regardless of the number of minor phases. As expected,
this approximation is most applicable when the total contribution of the minor phases

is small, generally less than 10% of the total rate for any species.
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Chapter 4

Microfluidic Leaching of
Hydrothermally Altered Potassium
Feldspar

Hydrothermally altered potassium feldspar (herein: hydrothermal material) is a multi-
phase material which possesses a complex geometry and exhibits complex leaching
behavior in aqueous solution|21|. The hydrothermal material shows promise as a
potassium fertilizer, however this complexity has thus far prevented the quantitative
study of the kinetic contribution of each constituent phase to the fertilizer properties
of the overall product. This difficulty hinders any attempt to optimize the material
processing pathway and conditions, as the target composition at the end of process-
ing is unknown. To remedy this, two models are needed: one describing the material
transformation during processing, and the second describing the leaching kinetics of
each phase in the material. As the hydrothermal material is difficult to effectively
separate, determining the kinetics of each phase must be done through experiments
on the complete material. Separating the contributions of each phase from the total
leaching behavior of a complex mixture is the greater focus of this work, and the de-
velopment of experimental methods to obtain concentration measurements necessary

for determining these leaching rates is the subject of this chapter.
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4.1 Experimental Design and Procedure

The model given in Eq. 3.15 informs the design of successful experimental apparatus
for the gathering of data from multicomponent systems. Of key importance is that
homogeneous reactions are suppressed as much as possible, so that the species con-
centration at the outlet is the product of only the leaching reactions. This requires
that the contact time between the leachant fluid and leached surface be minimized,
subject to the constraint that species concentrations much be sufficiently large as to
be measurable above unavoidable contamination and measurement noise. In addi-
tion, the contact between the surface and fluid must be planar in order to allow for

a simpler accounting of the surface areas of interaction of each phase with the fluid.

The initial technique employed in this work was adapted from Ciceri and Allanore|[19].
A microchannel and fluid inlet and outlet ports were formed in a polydimethylsiloxane
(PDMS) cast using a laser cutter. This polymer device was then joined to a thin-
section of the desired sample through the use of a corona discharger or plasma cleaner
(bonding was identical between techniques) , forming a complete apparatus for the
microfluidic leaching of the sample. A schematic and photograph of an example of

one such device is given in Figure 4-1.
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Figure 4-1: Left: Schematic representation of a thin-section microfluidic device.

Right: Photograph of example device

In adapting this procedure for multicomponent systems, it was necessary to in-
crease the reliability of the technique substantially. Substantial pressure was required
to bond the PDMS to the thin section in order to ensure the bonding was sufficiently
strong so as to withstand the pressure of the leaching fluid. This pressure would oc-
casionally crack the glass of the thin section, preventing its use in flow experiments.
It was also common for the bonding process to fail to pair the pieces with sufficient
strength, which manifested as leaks from the sides of the channels or the formation
of bubbles of fluid underneath the PDMS during experiment. Finally, misalignment
between the fluid channel and its desired path was ubiquitous and generally of several
channel-widths in magnitude. The accumulated errors of the mapping the locations
of features of interest, translating that plan to a cutting path at the laser cutter, and
finally bonding the device with thin section were simply too great to ensure accurate
placement of a 100 micron-wide fluid channel. These physical difficulties, as well

as reproducibility issues covered in Section 4.2.1, motivated the creation of a dedi-
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cated platform to ensure alignment and reduce failures from bonding strength and
the fragility of the glass.

A 304 stainless steel device consisting of two separate plates was created. A
schematic and photograph are given in Figure 4-2. The bottom plate contains 8
channels 150 microns wide and deep, and 3 cm long. These channels are packed with
the sample powder, and then filled with epoxy. After grinding away the excess epoxy,
the plate is polished to prepare the sample surface for imaging and chemical analysis.
The top plate contains 8 channels of identical dimensions connected to threaded holes
for fluid handling. The channels are isolated by a recessed area which fits a silicone
gasket to prevent leaks. Alignment is ensured by guide pins on the top plate, and
mating is achieved with 16 screws in the center and around the perimeter of the
device. However, as the steel is opaque, transmitted-light microscopy is not possible
for analyze sample surfaces in the channel. This precludes the use of polarized light,

which is commonly used in thin-section to distinguish classes of minerals|[16].
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Figure 4-2: Left: Schematic representation of the steel microfluidic device. Right:

Photograph of the steel device

In both thin-sections and the steel device, the goal of each experiment remains
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the same: obtain reproducible measurements of the leaching concentrations and es-
timates of the surface areas of the mixture components. The greater the difference
in surface areas between experiments, the more information is gained about leach-
ing behavior. See Section 6.3 for a rigorous examination of the best experiments to
perform. It must be reiterated that the experimentalist is not able to freely choose
the solid phase surface areas present in an experiment. By definition, the mixtures
considered in this work are difficult to separate, and so manipulation of the mixture
surface areas is likewise challenging. In the microfludic form factor, sampling bias
is leveraged to generate composition differences between channels and provide for
the performance of independent experiments. The small (ug) solid sample contained
in each channel is unlikely to be representative of the broader mixture and in this
manner independent experiments can be performed on any mixture, regardless of the
difficulty of separation. Of course, the more significant the differences between the
channels, the low the condition number of the linear problem in Eq. 3.15 and the
more stable the rate estimates will be in the presence of experimental uncertainty.
Therefore, if it is possible to produce enriched mixture fractions via separation, the
leaching of these fractions will likely be more valuable experimentally than leaching

of the complete mixture.

4.1.1 Sample Preparation
Thin Section

Thin sections of the hydrothermal material were sourced from an outside vendor
(Spectrum Petrographics; Vancouver, WA). These consisted of the powder material
dispersed in epoxy (Epotek 301) and mounted on a glass slide. The thickness of the
epoxy layer was approximately 30 microns. For planning the route of the microfluidic
channel, a coordinate grid was engraved on a metal frame that held the thin section.
A light microscope (Olympus BX 51) was used to study the section the locations of
experimentally interesting features were recorded using this grid. Scanning electron

microscopy (SEM) was performed on some thin section samples, but severe charging
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artefacts were encountered and it was not found to have great utility. Using a vector
graphics program, the desired path of the fluid channel was drawn by referencing
the coordinates of the notable features. A cast of PDMS of the same approximate
dimensions as the thin section was then made, and the fluid channel formed on one
side using a laser cutter and the vector image. Skin biopsy punches of 1mm diameter
were used at both ends of the channel to create holes through the PDMS for fluid
inlet and outlet. The channel-side surface of the PDMS and sample surface of the
thin section were treated for 30 seconds each by sweeping over them with a corona
discharger. After treatment, bonding between the device and section was performed
using a polyacrylate vice equipped with a recessed area to hold the section. After
contacting the device and section, pressure was applied for one hour using the vice.
Following bonding, threaded ports were placed over the fluid inlet and outlet ports
and secured by adding uncured PDMS. These ports accepted the compression fittings

and fluid lines for the syringe pump and sample collection vial.

Steel Device

Sample powders were packed into the sample channels of the bottom plate, then epoxy
(Epotek 301 or 377H) was added via pipette to cover the powder. The plate was placed
in a vacuum chamber for curing, to help reduce the occurrence of air bubbles in the
epoxy. After curinng, the excess epoxy remaining on the device was ground away with
successively finer grits of silicon carbide paper, with the final step being 2500 grit ( 8
micron). Once the surface of the epoxy was flush with the surface of the steel, a non-
aqueous suspension of 3 micron diamond particles was used until the scratches in the
steel from the previous steps were largely removed. Final polishing was performed
using a 1 micron diamond paste with a non-aqueous lubricant. Polishing at this
step proceeded until sharp reflections could be seen in the steel. The condition of
the steel surface was used as a gauge of the level of polish of the sample surface.
After polishing, the plate was cleaned by rinsing with hexanes to remove remaining
lubricant and waste material.

The previous steps prepare the surface for microscopic analysis. Electron mi-
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croscopy was preferred to light microscopy for the steel device, as the steel blocks
transmitted light. To combat charging of the sample, an epoxy with a graphite ad-
ditive (Epotek 377H) was used for later samples in this work, and the backscatter
electron detector was used rather than the secondary electron detector. The sample
channels were partially mapped for each experiment; the processing of these images
is discussed in Chapter 5. To prepare for flow experiments, a silicone gasket is fit to
the recessed portion of the top plate visible in Figure 4-1, and the plates are joined
and screwed together. The top plate integrates the threaded ports for fluid handling

between the syringe pumps and sample collection vial.

4.1.2 Common Procedure

Flow experiments for both form factors proceeded identically. The leachant fluid,
an aqueous solution of nitric acid of known pH, was held in a 10 mL syringe. The
syringe was housed in a syringe pump (Harvard PHD Ultra) to control the flow rate
(0.1 mL/hr for all thin section samples, 0.1 or 0.3 mL/hr for the steel device) and
connected to the channel inlet with hard plastic tubing (Cole-Palmer 0.01" - .254mm
ID). Under these conditions, the residence time of the fluid in the exterior tubing was
on the order of 10 seconds, and the residence time in the channel was on the order of
10 seconds. The outlet fluid was pooled for a set amount of time, most commonly 3
or 12 hours, at which point the sample vial was sealed and replaced with a new vial.
Concentration measurement was performed using ICP-MS. The microfluidic samples
were diluted 1:100 in 1M nitric acid prior to analysis, to ensure adequate volume for
analysis. All samples reported here, in both thin section and the steel device, were

created from the same batch of hydrothermal material created using the procedures

described in|21].

4.2 Leaching Results

The hydrothermal material was investigated using the microfluidic technique in both

form factors. First, the results from the thin sections will be briefly summarized,
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including comments on the reliability and durability of the devices. Then the results

and refinements of the steel device will be presented.

4.2.1 Thin Section Leaching

In further developing the thin section technique for multicomponent systems, the focus
was on experimental reproducibility and reliability. Given the data requirements for
studying mixtures, and the relatively small difference expected between channels, it is
necessary to minimize the failure rate of experiments and the experimental variance
in order to produce a practical investigative technique. These goals were not met
with the thin sections. Shown in Figure 4-3 are the leaching results for six separate

channels on five unique sections of the same material.
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Figure 4-3: Outlet concentrations for several elements measured for six different chan-
nels on five different thin sections of the same material. All results are normalized to

those of Section 2 A, to show the variance between channels.
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Experimental reproducibility was poor across the studied sections, in particular
for the polyvalent species and especially for silicon, where the variance across this
data set is measured in factors of a thousand. These differences are far larger than
would be expected due to random variance of sample surface composition; taken
at face value they suggest a material that is already strongly segregated, which is
known to be false. One potential explanation for the anomalous variance in silicon is
extra leaching from the PDMS, which has been observed by other researchers under
certain conditions|[15]. In general, the large variance in leaching concentrations is
likely a product of the poor bonding of device and thin section at the boundary of the
channel. These large experimental variances leave the absolute leaching results with
little quantitative utility, however an advantage of the microfluidic technique is the
static nature of the surface which allows qualitative statements on leaching behavior to

be made. Figure 4-4 shows the effect of acidic leaching of the hydrothermal material.

e
SEI_ 20kV___ WD12mm 5550

Figure 4-4: Left: A micrograph of the hydrothermal material in thin-section before
leaching, note the presence of minor phases around the large feldspar features. Right:
A micrograph of the same material after leaching (pH 5 nitric acid, 4 hours) the minor

phases are absent.

The images given in Figure 4-4 exhibit one of the more persuasive arguments in
favor of microfluidic leaching techniques. Eliminating the anonymity of the surface
serves to ground the observed chemical behavior in very visual terms. This also offers
some insight into the relative stabilities of the phases under the leaching conditions,
and can therefore help to bound reasonable values for the leaching rates. The in-

formation given by Figure 4-4 while important, is not inherently actionable. The
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calcium-aluminum-silicate-hydrate (CASH) phases which dissolved are believed to be
the primary source of the material’s fertilizing ability, given the relatively inert nature
of feldspar on its own[22, 21]. It is the rate of release from these phases, however,
that determine how and in which contexts the material can be used.

Imperfect bonding near the channel edge created dead spots for flow outside the
main path of the fluid. In these areas, seen to extend up to multiple channel widths
from the nominal edge of the channel, a Si-rich precipitate was observed. Examples

of this precipitate are given in Figure 4-5.

SEl 20KV WD16mm  SS50

Figure 4-5: A micrograph of the hydrothermal material after leaching (pH 5 nitric
acid, 4 hours). The region shown was outside the main path of the channel and not
intended to be subjected to the leaching fluid. The red circles denote examples of the

silicon precipate which can be observed throughout the micrograph.

The presence of this precipitate outside the fluid channel confirms the the presence
of leaching fluid in these areas. This result makes it impossible to effectively estimate
the surface area of the components exposed to leaching, and renders the model of
Eq. 3.15 incompatible with the reality of the fluid dynamics of the experiments.
While the surface of the thin section is highly polished, it is not homogeneous, and
the different surface chemistries encountered preclude identical adhesion across the
device. Given the dimensions of the microchannel, even macroscopically small areas

of leakage can represent very large increases in the total area of leaching, rendering
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the concentration measurements unreliable indicators of the leaching behavior of the
surface in the channel.

Device reliability was a major obstacle for the thin section experiments. The
preparation procedure laid out above is long, taking several days per section, and
only a few opportunities for parallelization are available. This time investment is
further challenged by the high failure rates at each step of the procedure; the bonding
between the PDMS and thin section can fail immediately, it can fail under flow, the
glass can crack under the pressure applied for bonding, the channel can be misaligned
with its intended path, and fluid can leak from the handling ports if their mounting
is weak. All of these failure modes were observed experimentally, and not all of them
were able to be sufficiently mitigated over the course of the project. Notably, the
strength of the bonding between the PDMS and thin section remained an everpresent
concern and, as the nature of the chemical changes induced by the current supplied by
the corona discharger are not well understood, improvements to this weakness were
slight. Experimentally, this also limited the obtainable flowrates, as no thin section
device passed a volumetric flow above 0.1 mL /hr without leaking. The challenges and
limitations identified in this section strongly motivated the creation of an alternate

platform for the microfluidic technique.

4.2.2 Steel Device Leaching

The steel device reduced the failure rate of experiments from roughly 50% to about
8%. Remaining failures were almost entirely leaks from the fluid inlet ports, due
to the plastic fittings being somewhat incompatible with the steel threads. Channel
dimensions and locations were standardized, and this prevented misalignment errors.
A gasket isolating the channels prevented any small leak in one channel from impact-
ing the other experiments, and the absence of active material outside of the channel
path prevented such a leak from introducing additional sources of the leached species,
beyond what was present on the sample surface.

These improvements presented themselves in a greatly reduced experimental vari-

ance, as shown in Figure 4-6.

67



OAl

L4t oS
12 } M WK
M HCa

ConcentrationiAl
o
e ]
T

EI LS TS SIS
IS SIS SIS

—
]

i ——
0.6 —
0.4 -
0.2 -
0 3
Al A2 A3
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‘ Fe
Ad

B2

m
o

rate channels. A1-A4 held the sample material, B2 and B3 contained only epoxy.

In comparing Figures 4-6 and 4-3, a drastic reduction in experimental variance
is seen. While the variance in the silicon signal in the thin section experiments was
on the order of 1000, for the steel device it is at worst a factor of 2. The potassium
and aluminum signals are generally within a 20% range, which is a more reasonable
variation to explain with surface effects. A consistent iron background is seen in the
blank channels, however the presence of the material in the A channels appears to
increase the leaching of iron from the steel. Additionally, correlation is seen between
the signals of calcium and iron; this is concerning as, per the model, all species should

be independent.

Micrographs of the sample surface post-experiment showed the presence of a highly
amorphous, Si-rich precipitate phase intermittently covering the sample. One example
of this phase is shown in Figure 4-7. From EDS analysis, the gel was found to contain
a large and variable amount, 15-45wt%, of the polyvalent species in the system, Ca,
Fe, Cr, and Ni. The composition varied spatially, and the gel deformed under the

electron beam.
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Figure 4-7: Top: A micrograph of the Si-gel in a channel of the steel device. Bottom:
The same area after analysis via EDS, the gel has deformed from the action of the

electron beam.

The presence of this gel in the channel, while not conclusive evidence of homo-
geneous reactions, suggests such reactions occur. As stressed during development of
the model, the suppression of homogeneous reactions is of utmost importance; they
violate nearly every simplifying assumption of the model, and the surface leaching
rates cannot be related to the flow-averaged concentration if they are present. The
aqueous chemistry of silicon in the presence of calcium is poorly understood, and the
presence of iron, chromium, and nickel in the gel also adds to complexity of developing
any kinetic model for its formation. Tripling the volumetric flowrate to 0.3 mL/hr,
while a simple solution to a complex problem, did succeed in suppressing formation

of this gel. It was never observed in a sample at this higher flowrate.

The gel was emblematic of more widespread issues with silicon measurement,
partly due to its complex aqueous chemistry, but also as consequence of the choice
of ICP-MS for measuring the sample concentrations. Silicon is not an element that
is well-suited to ICP analysis; at low pH, it exists in water as amorphous quartz|68§]
with low solubility compared to higher pH|[67|. Additionally, it is poorly aerosolized
by the nebulizer leading in to the plasma torch, and thus subject to sampling errors.

The calibration curves for silicon tended to be largely flat - signifying that the con-
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centration of silicon in the sample did not have a large effect on the signal measured
by the ICP. It was therefore desirable to find a method to increase the instrument’s

sensitivity to silicon, in order to better quantify its leaching behavior.

4.2.3 Silicon Stabilization

Silicon is known to complex with organic species in solution|84, 73, 134|, and this was
seen as a mechanism by which it’s detection via ICP-MS could be improved. Two
organic molecules, oxalic acid and tetramethylammonium hydroxide (TMA), were
investigated. Several solutions of silicon at known concentrations (0.1, 1, and 10
ppm) in 1M nitric acid were prepared as a control set, with no additive, and with
known concentrations the additives. Figure 4-8 shows the ratio of signal increase over

the control samples for each of the additives.
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Figure 4-8: Left: Fractional increase in the Si signal for each Si and additive concen-

tration. Right: Signal increase at 10 ppm Silicon vs. additive concentration

Both the oxalic acid and TMA were found to be effective at increasing the silicon
signal. The TMA was found to be approximately 16,000 times more effective than
oxalic acid, per molecule, at increasing the silicon sensitivity. This metric of effec-
tiveness is important, as soot can form on the plasma torch if the sample contains
too much carbon.

With these results, the increased reproducibility shown in Figure 4-6, and the

suppression of the Si-gel formation, the major experimental challenges with the mi-
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crofluidic leaching technique were resolved.

4.3 Discussion

The transition from single-use thin sections to the reusable device greatly improved
the experimental utility of the microfluidic technique. With the results presented in
this chapter, there was confidence that concentration measurements could be per-
formed with enough precision to be useful in calculating the leaching rates. The final
accuracy of this calculation depends both on the concentration measurements, and
the surface area estimations covered in Chapter 5. In this project, it was found that
this second task, estimating the phase surface areas, was much more difficult than
addressing the experimental challenges with concentration measurements. These mea-
surements, while necessary to study the kinetics of multicomponent systems, do not
suffer from the increased complexity discussed in Section 1.2, and as such are not
expected to become more difficult as the number of system components increases, so
long as homogeneous reactions can be suppressed and the analysis technique chosen

can measure species independently.
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Chapter 5

Phase Classification in Microfluidics

As described in Chapter 3, two experimental quantities are necessary to enable the
calculation of individual leaching rates from multicomponent systems in microfluidic
leaching experiments: the phase surface areas, and the leached species concentrations
in the effluent. The leaching measurements reported in Chapter 4 cover this second
quantity, and this chapter details the methods employed to estimate the surface areas
of separate mineral phases present in those microfluidic leaching experiments. As
this estimation is the key obstacle in the rigorous extension of microfluidic leaching
to multicomponent systems, considerable effort was devoted toward this problem.
The results of three main avenues for classification: shape, machine learning, and

chemical composition are described below.

5.1 Imaging of Microfluidic Samples

Early procedures for the microfluidic leaching of minerals were carried out using min-
eral thin-sections [19]. Thin-sections, 30um-thick slices of minerals mounted in epoxy
on glass slides, are commonly used in petrology and many techniques for analysis
via optical microscopy have been developed [16]. Due to the random assortment of
mineral features across the area of the section, alignment of desired features with a
micro-channel bonded to the surface was poor, and a more robust microfluidic device

was developed for this work.
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The steel microfluidic device ensure alignment of the fluid channel and sample
surface, and allowed microscopic imaging to focus on a narrower formation of features.
Several classical technique from optical microscopy, notably the use of polarized light,
are not possible with the current device due to its opaque nature. Following from
this limitation, the vast majority of microfluidic samples were characterized using

Scanning Electron Microscopy (SEM).

5.1.1 Sample Preparation

The powder samples were packed into the 150um-wide sample channels on the bottom
plate of the device. A small excess of powder was allowed to remain above the level
of the channel lip to avoid the sample settling below the channel lip later on. A two-
part epoxy that was either optically clear (Epotek 301-1) or electrically conductive
(Epotek 377H) was prepared and spread over the powders in the channel. Vacuum
was applied for 1-2 hours to allow the epoxy to impregnate the samples thoroughly.
The sample plate was then removed from vacuum and the epoxy was allowed to
cure. Following curing, the sample plate was ground with 1600-grit silicon carbide
sandpaper until the epoxy was nearly flush with the channel edge and with 2500-grit
silicon carbide sandpaper until the epoxy was exactly flush with the channel edge.
Lubrication for grinding was provided by kerosene or mineral oil, with no difference
in grinding quality noted between the two. Polishing of the exposed powders was
performed in two steps, the first being a non-aqueous 7pum diamond suspension, and
the second, final, polishing step being a 3um diamond paste. After polishing, the

plate was cleaned with hexane to remove leftover polishing media and lubricant.

5.1.2 Electron Microscopy

The sample plate was analyzed using a Jeol 6610LV SEM. Imaging was performed
using an accelerating voltage of 20kV using the backscatter detector, due to its lower
susceptibility to charging artefacts over the secondary electron detector. The sample

plate was arranged such that the sample channels ran horizontally across the field
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of view and magnifications were on the order of 300x. Images were taken using
a 2-minute scan rate, and were staggered down the length of the channel without
overlapping. For certain samples, interference from sample charging was significant
enough to require the use of low-vacuum conditions. For these samples, imaging was
performed at chamber pressures between 20 and 25 psia. EDS measurements were
taken at a fixed working distance of 10 mm, at an accelerating voltage of 20kV, and
exclusively under high-vacuum. Minimum detector counts were 100 thousand for
point analyses, and 1 million for elemental maps. An example micrograph taken with

the SEM is given below in Figure 5-1.

50 um

Figure 5-1: Example micrograph of the hydrothermal material

5.2 Image Segmentation and Analysis

To separate mineral features in the sample channel from the channel walls and epoxy,
an automated image segmentation and object measurement routine was created in

MATLAB. The routine operates in 5 basic steps:

1. Determine image scale

[\

. Image pre-processing

3. Binarize image using Otsu thresholding

W

. Image post-processing
5. Detect and measure objects in binary image

I6)



5.2.1 Determine image scale

Each sample micrograph contains an information overlay containing the scale bar and
scale text. For accurate assessment of sample surface areas, the scale of each image
must be set according to this information. This overlay is separated from the image
as the first step of image analysis and processed independently. This is necessary to
prevent the objects in the overlay from being interpreted as mineral features during
later stages of processing. A visual schematic of the process flow is given in Figure

5-2.

SEl 20kV WD11mm  S550 x1,100 10pm — Binary image

w m S5 1. 00 — Measure scale bar

Detect text
SEl X T Isolate letters
e e N o words
SEl  20kV WD11mm  S550 x1,100 [10pm| == Read scale text

Figure 5-2: Process used to determine scale of sample micrographs

Once separated, the overlay is converted to a binary image and the image objects
measured. The object with the widest bounding box in the bottom-right quadrant
of the image is assumed to be the scale bar, an assumption that always resulted in
choosing the correct scale for this work. The scale text is located through its fixed
position relative to the scale bar, and the individual letters are grouped into words.
Optical character recognition (OCR) is used to read the numerical value and units
of the scale text. By dividing the number given in the scale text by the pixel length
of the scale bar, the image scale is set in units of scale units per pixel. All following
measurements of image objects are converted to physical quantities through the use

of this scale.

76



5.2.2 Pre-processing

Pre-processing of the main image is intended to remove digital noise and improve
contrast in order to enhance the accuracy of the binary image. A linear filter is
applied, which averages the values of pixels in a 5-width square. This helps to reduce
the effects of image ’grain’, a false texture visible in the image due to electrical
perturbations effecting the signal from the electron detector, while slightly increasing
the difficulty of detecting objects of coincident size with the filter. The final step of
pre-processing is to improve the image contrast by saturating the upper and lower
10% of the brightness levels. This step essentially spreads the image histogram to
occupy a greater portion of the available 255 brightness values. While this does not
create any new information, it does allow an easier visual comparison between the

adjust image and the eventual binary image.

5.2.3 Binarize image

Creating a binary image converts the grayscale pixel values into logical values of 0
or 1. Thresholding via Otsu’s method[99] is used to create the binary image; a pixel
brightness value is chosen and all pixels below this value are extinguished while those
above are set to 1. This simplicity belies the fundamental importance of this step.
All decisions regarding which image features are objects which should be measured
occur in this step, and the pre-processing steps are there to ensure that the binary
image represents experimental intuition as to which features to include as closely as

possible.

5.2.4 Post-processing

Before measuring the image objects, the binary image is processed once more to
remove noise. Morphological opening, a technique to remove small objects while
maintaining the size and shape of larger objects, is used to remove the small star-like
binarization noise that commonly afflicts the background of the binary images. The

size threshold for removal was set by determining a lower limit of physical size which
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could be reliably characterized using the microscopy conditions, 4um?, and converting
this to a pixel size threshold using the image scale found in Section 5.2.1. A second
noise filter was implemented following the investigation of cluster analysis for object
classification. The mechanism of operation and experimental results of this filter are

given in Section 5.3.3.

5.2.5 Object Measurement

Image objects are defined as being 8-way connected components of bright pixels.
That is, in the binary image, an object is a white pixel and all white pixels in the 8
neighboring positions, and all of their neighboring white pixels; and so on until no
neighboring pixels are both bright and not already part of the object. Objects, then,
are connected components as defined by graph theory[55]. Informally, each object
can be viewed as the ’islands’ of white in the ’sea’ of black in the final binary image.
A comparison between an initial SEM micrograph and the final image objects is given

in Figure 5-3.

LY
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Figure 5-3: Left: Initial sample micrograph. Right: Image objects, labeled by color.

Measurements of the properties of these objects proceed via pixel counting and
limited mathematical manipulation. The area of the objects is defined as the number
of pixels they contain, which must be converted to a physical measurement through
the use of the image scale. At this stage, 15 properties of each object are measured,
including area, perimeter, solidity, euler number, centroid loacation, major and minor

axis lengths, and eccentricity. These properties are gathered into a table and can
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then be used in concert to create shape factors of varying complexity, with the goal
of classifying the parent object into the mineral categories present in the sample. At
this point in the analysis, all information that can be gained from the sample images

is accessible and the challenge is no longer one of measurement, but of classification.

5.3 Classification via Shape Factors

(Classification of the measured objects solves the identity problem introduced in 1.2.
The microscopy procedure laid out above provides a large amount of information on
the appearance of each object, notably size and shape, which may offer an avenue to
classify the objects by mineral identity. Shape factors provide a method to condense
this information into a set of values from which conclusions can be drawn.

A shape factor is a dimensionless, quantitative, descriptor of an object which is
dependent on that shape of the object, but independent of the size (or scale) of the
object[105, 27]. The use of shape factors to perform object classification inherently
assumes a significant difference in shape exists between objects of different mineral
identity, and that this difference can be adequately described using a reasonable
number of quantitative descriptors. Shape factors have been successfully utilized for
object identification in biological applications|114, 94, 137|, which motivates their

application to another natural system.

5.3.1 Simple Shape Factors

Simple shape factors, as defined in this work, include information from at most three
object properties. Examples include aspect ratio, circularity and elongation|[41]. Mul-
tiple shape factors were calculated for each object and different combinations thereof
were plotted simultaneously. 5-4 shows the results for the plot of aspect ration vs.
circularity for hydrothermally altered potassium feldspar.

For this material, simple shape factors were not found to be sufficient to distinguish
any of the seven major phases present in the hydrothermal material. This failure

motivated enlistment of more complex metrics of shape.
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Figure 5-4: Aspect ratio vs. circularity for a representative sample of hydrothermally
altered potassium feldspar

5.3.2 Complex Shape Factors

Complex shape factors, as defined in this work, are those that require more than three
object properties to calculate. The main one employed here was taken from [105] and
uses information from the object perimeter, area, feret diameters, and number of
corners in its calculation.

A histogram of the Podczek shape factor values calculated for the same objects
as in 5-4 is given in 5-5. The use of this more complex relation did not produce
visually distinct regions of object properties which could be identified as comprising
distinct mineral features. To better examine possible patterns in the shape factor
data, algorithms for cluster analysis were applied to the results of both the simple

and complex shape factor analyses.

5.3.3 Cluster Analysis

Cluster analysis is a data analysis technique used to quantitatively study the struc-
ture of data. This allows non-obvious groupings of data points to be defined, and
was applied to the object shape factor data to test for obscured structure. In brief,
these algorithms compare a measure of the distance between data points to a cri-

terion distance for cluster formation - points that are closer to each other than to
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Figure 5-5: Histogram of the Podczek shape factor values calculated for hydrother-
mally altered potassium feldspar

other points are grouped as a cluster. DBSCAN has two parameters, the maximum
distance between points for them to be considered part of the same cluster (e, and
a minimum number of points needed to form a cluster. OPTICS is substantially the
same algorithm, but abstracts the distance parameter to allow for the examination
of cluster structure. The euclidean distance used in this work generalizes well to
higher dimensions, and this enables many shape factors and object properties to be
used simultaneously for classification. As a greater number of dimensions are used
to describe each data point, the data naturally becomes more sparse[l|. This can
aid in clustering, with the caveat that data visualization beyond three dimensions is

increasingly difficult.

Analysis of the shape factor data in two dimensions, aspect ratio and circular-
ity, and three dimensions, via adding the Podczek shape factor, could not produce
clustering behavior of use in the positive identification of image objects. While it is
difficult to show images of the direct clustering output via DBSCAN, due to the large
number of permutations of the parameters, plots of the reachability distance calcu-
lated via OPTICS - the smallest value of € at which a point would form and propagate
a cluster - offer greater insight. Clusters appear as valleys in reachability distance
plots, with deeper valleys signifying denser clusters. Points with larger reachabil-

ity distances form the 'mountains’ in these plots, and separate the different clusters
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from one another. A representative reachability distance plot for 4-dimensional shape
factor data (aspect ratio, circularity, Podczek, and area) of a sample micrograph of

hydrothermally altered potassium feldspar is shown in 5-6.
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Figure 5-6: Reachability distances of objects in micrographs of hydrothermally altered
potassium feldspar. Data dimensions are object area, major and minor axis lengths,
and convex area. The minimum cluster size is 3 points.

The reachability distance plot shows few clear valley-type signals for clusters.
A large number of clusters can be formed using a very small distance parameter,
as shown by the heavily populated bottom edge of the graph. Small increases to
the distance parameter will cause many of these clusters to merge, as shown by the
relatively low barriers between the identified valleys. The few features with very large
reachability distances are feldspar features, which have very large areas.

Sharp changes in the slope of the sorted reachability distance plot can identify e
values at which separate cluster structures would be found. The sorted complemen-
tary plot to 5-6 is shown in 5-7.

The gradient of reachability distance changes continuously, rather than at discrete
points. This leaves no obvious choices for the values of € which will produce a natural
grouping of the data. This suggests that such a grouping is not present, and hard

boundaries between the properties of objects of different mineral identity do not exist.
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Figure 5-7: Sorted reachabilities distances of objects in micrographs of hydrothermally
altered potassium feldspar. Data dimensions are object area and centroid coordinates.
The minimum cluster size is 3 points.

However, the large number of clusters present at very small reachability distances did

provide a reliable and powerful method to remove noise objects from the images.

Noise Removal

The DBSCAN algorithm classifies unclustered points as noise in the underlying struc-
tured data. Ironically, in this work, it was found that noise objects in the image were
much more similar and easy to cluster than the objects representing true features.
This allowed the implementation of a further refinement step in image post processing,
where noise remaining after other post-processing steps could be effectively removed.
Reductions in the number of detected objects routinely exceeded 80% using the cen-
troid coordinates and object areas as the data dimensions. An example image of the

filter in action is given in 5-8.
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Figure 5-8: Clustering of image objects by centroid location and pixel area. The
true image features were found to remain unclustered -labeled 'Noise’ - with high

probability.

5.3.4 Shape Variance under Rotation

Following the failure of shape information to provide a reliable method of object clas-
sification, it becomes necessary to explain why classification via shape appears to fail
in the case of polished mineral powder surfaces, when it is successful in other applica-
tions. One possible explanation is that the underlying assumption - that significant
and quantifiable differences in shape exist between objects of different mineral iden-
tity - is incorrect. This would represent a strong rejection of one of the hypotheses
of this work, as traditional image analysis techniques would not be sufficient to allow
the extension of the microfluidic leaching technique to multicomponent systems, and
such a statement requires further explanation. The single-cluster structure observed
in the shape factor data strongly supports that the variance of shape among like-
mineral features is of similar magnitude to (if not greater than) the variance of shape

between mineral classes in the microfluidic section. This may naturally arise as a
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consequence of the procedure used to produce the sections, and not be present in the

original sample.

Dispersal of the powder sample in epoxy creates a random orientation of objects
of each mineral identity, and the grinding and polishing steps effectively destroy
information about the shape of those objects. In essence, each three-dimensional
object in the sample is cut by a randomly oriented plane, and the cross section
produced by this cut is the surface visible through microscopy. The shapes of these
sections can vary drastically depending on the angle of the cut, and as such can
prevent the use of shape factors from positively identifying samples even in cases
where the three dimensional powders are of different shapes. This effect can be most
easily described using simple shapes, herein cubes and cylinders, but it applies, and
may be even more significant, for more complex shapes. The cross-sections of a
cube taken from its intersection with a randomly-oriented plane, and the same for a

cylinder are shown in 5-9.

The aspect ratio vs. circularity plot of a sample of 300 randomly-generated cross
sections is shown in 5-10. There is significant overlap in the shape factor ranges for
these cross sections, with the variance of the aspect ratio and circularity between
cubic and cylindrical sections being within 3% of the variance of these metrics for

cubic sections alone.

For completeness, the Podczek shape factor for the sections was also calculated
and a histogram is shown in 5-11.

These results for primitive shapes underscore the difficulty in using shape infor-
mation to classify objects from images of sectioned samples. While not conclusive
evidence for the same behavior in the complex shapes of real mineral powders, these
observations nonetheless apply equally to all non-spherical shapes, and it cannot be
assumed a priori that any arbitrary collection of particle shapes in a sample will
be free of this difficulty. Further, the natural variety of shapes that comprise real
samples naturally imparts variance to metrics of shape before considering the range
of values possible for a random assortment of cross-sections. Shape alone is therefore

unlikely to be a sufficient metric for solving the identity problem and enabling the

85



Cube Sections Cylinder Sections

NG L
N O Q

Figure 5-9: Example cubic and cylindrical cross-sections generated with random cut-
ting planes

extension of the microfluidic leaching technique to multicomponent systems.

While more shape factors exist than were used in this work, there is only a lim-
ited amount of novel information accessible through other shape metrics. Many shape
factors are highly correlated with others, such as elongation, variously defined as the
square root of the ratio of the second and first image moments or the aspect ratio
of the bounding box, is essentially equal to the aspect ratio calculated in this work.
Eccentricity is also similar, only using the axes of the bounding ellipse instead of the
bounding rectangle. Compactness, a quantity which has seen increased discussion in
the public sphere due to its application to congressional redistricting[136], is funda-
mentally similar to circularity, as they can both be defined as the ratio of the object

area to the area of a circle with the same perimeter as the object. More esoteric
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Figure 5-10: Plots of aspect ratio vs. circularity for cubic and cylindrical cross sections
separately (right) and in a hypothetical mixture (left)

quantities such as convexity, waviness, and sphericity, essentially measure the irreg-
ularity of the object boundary, a feature which is already captured by circularity.
While it cannot be conclusively proven that no shape factor, or combination thereof,
exists which will enable reliable classification of image objects in sectioned mineral
powders, there is no evidence or theoretical framework to support the existence of

such a quantity or combination of quantities.

5.4 Classification via Convolution Neural Networks

Machine learning, in the form of Convolution Neural Networks (CNNs) would seem
to be an ideal tool to use for mineral object classification, given its prevalence in
object classification for images of macroscale objects[46, 49, 62|. Briefly, CNNs func-

tion by transforming the input data by multiplication with some weighting terms,
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Figure 5-11: Histogram of the Podczek shape factor values calculated for the cubic
and cylindrical sections

followed by a filtering layer which approximates nonlinear behavior, and then finally
a sub-sampling operation which reduces the size of the output data. At the end of
the network, a decision vector of several values is produced and these values are com-
pared to those found for known features to determine the correct classification for the
data. At each stage in the network, the values of the weighting terms must be chosen,
and choosing them correctly produces the clearest distinction between different data
categories for the output decision vector. The process of optimizing these terms is
called training. This section is not concerned with the broader properties and appli-
cations of CNNs, only with their application to the task of classifying image objects
by mineral identity. Applying CNNs directly to the micrographs allows information
beyond object shape to be used for classification. Topological features, such as the

number of holes in an object, as well as subtler variations in pixel brightness in ob-
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ject interiors that were not accessible through shape factors can be leveraged by the
network. These extra sources of information may allow CNNs to outperform shape

factor in classification tasks.

A CNN requires training with relevant data to allow for accurate classification.
In the context of classifying these image objects, training data consists of images
with each object pre-labeled with the category to which is belongs. The amount of
data required is generally large, on the order of thousands of examples per category
of classification, and a similar magnitude of negative examples which belong to no
category[29, 23|. Generating this data to train the network is a key challenge in the

use of CNNs to solve the identity problem in microfluidic systems.

5.4.1 Network Training

Training images were generated by hand-labeling regions of SEM micrographs of
hydrothermally altered potassium feldspar set in epoxy in the sample channels of the
steel microfluidic device. Labeling consists of drawing bounding boxes around each
object in an image and defining the category to which they belong. An example of a

labeled training image is shown in 5-12.

BEC 20kV WD14mm 53550 30Pa x230 S0pm  —

Figure 5-12: Micrograph labeled for CNN training
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Of the sample constituents only feldspar was labeled in the training images, as it
comprises most of the larger and easier to identify objects. Thirty-one such images
were created for use in network training, representing roughly eight-hundred examples
of feldspar objects.

Given the time investment required to collect the images and, further, to label
the features, it was found that not enough training images could be created in a
reasonable amount of time to train an entirely new CNN. This motivated the adoption
of a transfer learning approach, where a commercial network, AlexNet[69], previously
trained to classify pictures of animals and other common objects, was retrained using

the labeled images.

5.4.2 'Transfer Learning

Transfer learning has the potential to reduce the amount of training data required for
reliable classification performance by orders of magnitude[128]. This is due to a large
amount of the training process imparting general image manipulation techniques,
such as edge detection and feature extraction, that are broadly applicable to most
image classification tasks. By using a pre-trained network, only features specific to
the problem of classifying mineral sections need to be reinforced by the training data.

Following a transfer learning approach, the set of training images described in
5.4.1 were used to retrain AlexNet. The ’black box’ nature of CNNs imparts diffi-
culty to showing the progress of the training procedure, as was done for the image
segmentation and object detection routine. The results of applying the retrained net-
work to SEM micrographs of hydrothermally altered potassium feldspar are shown in
5-13.

The accuracy of classification was found to be poor. This is likely due to the
training data-set being too small for the differences between features to be adequately
learned. As feldspar is most heavily represented in the training images, it is the
most likely feature to suffer from over-fitting. Classification accuracy could likely be
improved by creating a larger set of images, however this is not guaranteed, and there

is no method to accurately estimate the size of the training dataset that would be
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Figure 5-13: Image analyzed with the retrained AlexNet. Yellow boxes surround each
feature the network identified as feldspar

needed to achieve an arbitrary classification accuracy. As feldspar was only one of
the six major mineral constituents of the hydrothermally altered feldspar, it seems
likely that a much larger number of training images could be required, than could be
produced given the time, material, and financial constraints of the project.

These results do not provide confidence for the further use of CNNs to provide a
solution to the problem of mineral feature classification in powder sections. Scalability
is poor, as an entirely new training dataset must be produced for each mixture, and
the required sizes of these datasets is not immediately approachable, if not prohibitive.

This barrier only grows as the number of mixture constituents increases.

5.5 Classification via EDS

Information on the chemical composition of image features provides a strong discrim-
inating factor for classification. The SEM used for acquiring sample micrographs was
equipped with an EDS system and software. Mappings of the elemental signals for
carbon, potassium, aluminum, calcium, silicon, and iron were produced for samples
of epoxy-mounted hydrothermally altered potassium feldspar in the steel microfluidic
device. These maps were acquired simultaneously with backscatter micrographs, of
the kind shown in 5.2, with a horizontal resolution of 256 points, compared to the

5120 points of the sample micrographs. This resolution was a compromise between
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data coarseness and acquisition time, with each map requiring twenty to twenty-five
minutes to produce. Doubling the dimensions would necessitate mapping times ap-
proaching or exceeding one hour, which was not practical for the number of images

required for this work.

5.5.1 Elemental Signal Ratios

The mechanism to transform elemental signals to identity metrics is the calculating
of ratios of elemental signal intensities. This is defined as the ratio of the average
intensities of the signals of two different elements over the pixels corresponding to
characterized object. Each elemental mapping was converted to grayscale and resized
to match the resolution of the SEM images. The limits on map resolution excluded
features smaller than the pixel size of approximately 1.3um from the classification
procedure. Features smaller than 134 in one dimension, approximately 10 pixels on
the elemental maps, were excluded from this analysis, as the quality of the aver-
age elemental signal is less subject to random noise as more pixels are used in its
calculation. These constraints reduced the scope of application of this technique to
the study of the feldspar fraction of the material, as it is the only constituent with
features consistently above these minimum size thresholds.

The potassium-aluminum and potassium-silicon ratios were calculated for each of
approximately 30 features in a representative micrograph that were above the min-
imum size threshold. These objects included the steel walls of the channel, feldspar
pieces of various size, and some features which were difficult to visually classify. A
plot of the K/Al ratio versus the K/Si ratio of these objects is given in 5-14.

There is a distinct clustering of feldspar objects towards the origin, at both low
K /Al and K/Siratios. Stoichiometric feldspar has atomic ratios of K/Al and K/Si of 1
and 0.3 respectively, but there is no relation between the mapping signal intensity and
a physical quantity such as atomic percent; the maps are fundamentally qualitative.
The strong grouping of most of the feldspar signals in one area provides the best
classification performance of the methods investigated in this work. This result, while

encouraging, exists in a small sampling of objects due to the inherent limitations of
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Figure 5-14: Elemental signal ratios for objects measuring at least 134 in one di-
mension in a micrograph of a hydrothermally altered potassium feldspar sample. The
points are colored according to their visual classification: Red: Feldspar, Green: Steel,
Black: Unclassified.

the technique, and it cannot be stated how it would perform with the hundreds of

features that the other classification methods encountered.

5.6 Discussion

The analysis of images of sectioned, multicomponent, powders was found to be in-
sufficient to enable classification of the present features and the extension of the
microfluidic leaching technique to multicomponent systems. The difficulty does not
arise in image acquisition, segmentation, object detection, or object measurement,
but in the use of object properties as proxies for identity. Each technique investi-
gated, shape factor analysis, CNN classification, and elemental ratios via EDS, was
found to be inadequate for producing reliable measures of object identity. This failure
to solve the identity problem introduced in Section 1.2 renders the leaching results
presented in Chapter 4 of little use in calculating the leaching rates.

Shape factors, both simple and complex, did not provide enough contrast between
features, producing crowded plots without distinct groupings. An attempt to explain
the failure of these common discriminants found that the sectioning of randomly

oriented solids, of distinct and uniform shape, reproduces the difficulty encountered
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experimentally. Shape becomes unreliable for identification following random section-
ing, as distinct features are lost during the dimension reduction. This result places
doubt on the ability of any conventional shape factor to provide a reliable identifi-
cation method. Topological features of the constituents of three-dimensional sample
powder are lost during sectioning, which creates a fundamental barrier to the use of
these sections to identify the parent objects. Any future scheme to use shape infor-
mation as a pathway for identification in sections must involve quantities which are
invariant under random sectioning, which may not exist for all shapes, suggesting

that shape cannot provide a general solution to this classification task.

Convolution Neural Networks show promise for the identification of common
macroscale objects in photographs, but had very poor accuracy when tasked with
classifying sectioned powders. The limiting factor is believed to be the size of the
training data set. A large time investment is required to acquire and label images
required for training, and it cannot be known a priori how many images are required
to produce a usable tool for classification. In this work, over eight hundred examples
of sectioned feldspar were provided to the commercial CNN AlexNet for retraining,
with the results shown in 5-13 suggesting many more would be required. The problem
of shape variance noted above may also play a role, as shape is the most prominent
information provided by the training images. Training the network that shape is unre-
liable, and more subtle surface features such as cracks, texture, or uniformity are more
important appears to require a prohibitive number of training images. Furthermore,
the investment in creating this training data is non-transferable, each new sample
material would require the process to begin anew, reducing the prospects for machine
learning, in its current form, to take part in a general solution to the classification

problem.

Elemental mapping provided the best results of the classification methods in-
vestigated. Chemical information provides a much stronger method to discriminate
between features than shape, as it is, to a first order, entirely independent of shape.
Commercial microprobe systems exist which automatically map petrological thin sec-

tions and identify classes of minerals|64]. However, such machines are highly special-
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ized and generally not available to the researcher. Even with the use of such machines,
the time required for elemental mapping of a sample at micrometer resolution is pro-
hibitive, generally orders of magnitude longer than is required to obtain a micrograph,
itself an order of magnitude longer than a photograph from light microscopy. The
minimum feature size that can be mapped is inversely proportional to the time of
acquisition. Similarly, the signal-to-noise ratio increases with mapping time. While
this method was able to produce the most recognizable correlation between object
identity and measured properties, this results came after discounting the majority of
features in the image because they were too small to be mapped. Ultimately, elemen-
tal analysis via EDS was not able to be adapted to form a practical solution to the

classification problem.

5.7 Conclusion

Image analysis was hypothesized to have the potential to enable the quantitative ex-
tension of the microfluidic leaching technique to multicomponent systems. This part
of the hypothesis cannot be supported by the evidence gathered during this investi-
gation. Shape data, machine learning, and elemental mapping all failed to provide
reliable and tractable avenues to solved the identity problem. While it is possible
that these failures are the result of the choice of system, that the hydrothermally al-
tered feldspar is too complex or otherwise ill-suited to this kind of classification, it is
nonetheless a real system requiring characterization. The reduction of experimental
variance and resolution of other barriers to concentration analysis presented in Chap-
ter 4 cannot close the system on their own. These leaching results are, unfortunately,
of no use without the corresponding surface area estimates.

Future work to solve this hard problem of classification should focus away from
shape. Optical microscopy may provide more opportunities than electron microscopy
for performing this characterization. In sectioned samples on transparent substrates,
the use of polarized light enables structural information to aid in discrimination.

Color, essentially a proxy for chemical information, can also be a powerful tool for
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differentiating in systems containing ammenable chemistries. It is likely that no single
solution exists which will find success in all systems, as such, careful consideration of
the aspects which most strongly differentiate system components from one another,

and how they may manifest in imaging, is likely to produce the best results.
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Chapter 6

Framework for Multicomponent Bulk

Leaching Rate Determination

The key problem when attempting to estimate individual contributions to non-specific
measurements is one of identity. Extra information is needed to be able to separate an
overall value into meaningful, physical, quantities. This core problem is encountered
and addressed in both the microfluidic and bulk leaching pathways in this work. In
the microfluidic case previously discussed, phase identity is assigned through analysis
of microscopic surface images. In the bulk case, size heterogeneities prevent the
easy application of microscopy as a general solution to the problem of identification;
instead, the particle size distribution (PSD) of the mixture is decomposed into the
constituent PSDs. This decomposition, detailed in 6.2, allows the assignment of

identity and calculation of component areas based on size alone.

6.1 Continuum Model and Rate Calculation

A schematic of the bulk leaching apparatus is shown in 6-1. The continuum model
that describes this apparatus will be developed in this section. Strong similarities
exist between the models for the bulk and microfluidic cases, as reducing the effect
of homogeneous reactions requires similar experimental conditions.

The leaching of a thin packed bed of mineral powder can be described by the
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Figure 6-1: Schematic of the bulk leaching apparatus. The filter funnel had an
approximate volume of 30 mL and the retained liquid volume was on the order of 7
mL.

classic packed-bed reactor design equation|38|:

dN
— =R 6.1
% (6.1)
Where N is the species molar flowrate, W is the mass of heterogeneous substrate on

which the reaction occurs, and R is the specific rate of reaction.

For the multi-phase, multi-component leaching studied in this work, Eq.6.1 can
be manipulated to a form closer to the model of the microfluidic case. The species
molar flow can be written as the product of a concentration and volumetric flowrate,
assuming one average flowrate and perfect mixing. Dividing by the specific surface

area changes the basis of the equation from mass to surface area:

.dU

where A is the vector surface areas of the phase present in the bed and r is the
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matrix of leaching rates per unit area.

Assuming further that the rates are constant, Eq. 6.2 can be integrated to yield:

4(Ua—Up) = rAz (6.3)

where U is the vector of species concentrations, Uy and U, are the average con-
centrations at the inlet and outlet, respectively, ¢ is the volumetric flowrate, and r is

the vector of leaching rates per unit area, and Ar is the total bed area.

Assuming the inlet is free of leached species, Eq. 6.3 can be rearranged to solve

for the rates as:

r=qU AL} (6.4)

Which is the same as the inversion solution to the microfluidic model described in
eq. 3.14. All the same solution concerns raised in 3.5 apply and the rate calculation
can be performed using the same parameter estimation techniques on a mixed effect
model as described in eq. 3.17. The simplifications that lead to the models being
identical also necessitate that the experimental conditions are symmetrical. Notably,
neglecting diffusion and assuming constant rates, in the case of a microchannel, en-
forces a perfect mixing and uniform flow through the sample in the bulk apparatus.
Uniform flow is enforced as a method to achieve uniform sampling of the surface rates;
if different areas of the bed experience preferentially higher or lower flow, then the
outlet concentration will not be representative of the leaching behavior of the flow
overall. For this reason, all bulk experiments in this work were performed using a thin
bed of uniform thickness. This complication was not experienced in the microfluidic
case, as the entire surface was guaranteed to be sampled due to the strict confinement

of the channel walls.
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6.2 Surface Area Determination

The volume-weighted particle size distribution of a solid powder mixture is very ac-
cessible experimentally. This motivates its use as tool for pre-leaching analysis of
powder samples and as a tool for discerning component surface areas. The 93 dis-
tinct size ranges and their corresponding fraction values correspond to the volume
percent of the mixture that exists with the same diffracting power as a sphere with
a diameter contained within the bounds of the size range. This measurement tech-
nique is fundamentally volume-based. Care must be taken to address uncertainty
when performing nonlinear transformations of basis, such as generating an area- or
number-based distribution from the volume distribution. In order to make use of
the particle size distribution for the purposes of estimating areas, it is necessary to
rigorously address this issue.

Non-linear transformations of basis cause non-linear propagation of error. Con-
sider the simple case of a uniform volume distribution P,(z) across a range of sizes
z € [ab]. Each point has some associated variance 0% (z), which is assumed, without
loss of generality, to be zero-mean and identically distributed. The point estimate

and error of the surface area calculated from this distribution are:

A(z) = Pv(z)o‘(j)v (6.5)
0= () s (P e+ (P o e

Where A(z) is the surface area present at size range z, a(z) is the surface area to
volume ratio of the particles multiplied by z, and V and 0% are the total volume of
the solid sample and the variance in this quantity, respectively.

The first term inside in Equation 6.6 is the carried uncertainty from the initial error
in the volume-based distribution, while the second term is the additional uncertainty
due to doubt about the exact shapes of the particles, as a function of their size. In
all real cases, this error can be quite significant due to the need to estimate particle

shapes from finite samples. The final term captures uncertainty due to imperfect
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estimation of the total volume of the sample. From the form of equation 6.5, it is
seen that the estimated area will be greatest, relative to the measured distribution,
towards the smaller end of the size range, with the discrepancy growing as « increases.
The error grows in a similar fashion; relative error in the area estimation can be no
lower than that of the volume-normalized distribution, but will in general be larger
due to the added shape and volume uncertainty. These three sources of uncertainty:
PSD measurement, shape estimation, and total volume estimation, must be carefully

managed in order to obtain useful measurements of total mixture surface areas.

In order to extend the above analysis to allow for the calculation of the surface
areas of individual mixture components, an extra piece of information is necessary.
The prevalence of each phase at each size range is needed in order to partition the
total area calculated for a particular size range among the mixture constituents.
Estimation of this prevalence can be performed by deconvolution of the mixture
particle size distribution.

A volume-normalized particle size distribution of a component i is defined as
collection of the ratios of the volume of component ¢ at some size z to the total

volume of component 7 across all size ranges.

P = (6.7)

If particles are conserved when solids are mixed, the volume-normalized particle
size distribution of the resulting mixture can be written as a linear combination of

the component PSDs:

Vi(2)
Vi

Pv:Zfz

Where f; are the volume fractions in the mixture of the different components, which

may be calculated from the weight fractions, w;, and component densities, p;, as:

fi= prﬂ (6.9)
v opi

If the individual P, ; and f; are known, then the volume fraction of each component
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at each size range can be calculated:

(6.10)

Where [(z) is the identity distribution, P(z) is a stacked vector of the component
PSDs, f is the vector of volume fractions, and o denotes the Hadamard (elementwise)

product.

The identity distribution has m entries at each size range, corresponding to the
fraction of each component present at that size range. Regardless of whether the
generating distributions are volume-, area-, or number-normalized, the identity distri-
bution will contain the same values for the same mixture. Naturally, this distribution

is subject to propagated uncertainty due to imperfect knowledge of P, P,, and f.

Quantifying the uncertainty of I is necessary for the creation of confidence bounds
on the surface area estimates, which are in turn necessary for bounding the error in
the rate estimates. Given the nonlinear nature of I, the propagation of uncertainty
will be estimated using a Taylor expansion. The final expression is given here, with

the derivation presented in A.1.

SH(2) = Ji ()22 ()T (6.11)

Where X! denotes the covariance matrix of I, J; is the jacobian of I, and J} is

the transposed jacobian.

With the identity distribution defined, the full model for estimating surface areas

from mixture particle size distributions is:

A2) = I(2) 0 Py(z) 0 )y (6.12)

z

Where A contains m columns, each holding the area estimates for each solid
phase as a function of the particle size range. These estimates are subject to the total

uncertainty:

102



o2 (2) = (Pv(z)a(z) v) S 4 1(2)20%(2) (6.13)

6.3 Design of Experiments

As previously discussed, the amount of data required to obtain reliable estimates of
leaching rates can be quite large. Additionally, the process for obtaining the surface
area estimates necessary to perform the calculations is quite involved, as shown in
Section 6.2. These circumstances motivate a careful design of experiments (DOE) ap-
proach to gathering data, in order to maximize the value of the information obtained
from each trial.

The independent variables in each trial are conveniently represented by a vector,
with one entry for each component that contains the surface area of that component.
Across multiple trials, these vectors are concatenated to form the text matrix, where
each column of the matrix is the area vector for one trial. Maximization of the in-
formation gained from each trial is equivalent to maximizing the distance between
experimental conditions and the orthogonality of the vectors. In vector form, this is
the minimization of the dot product between the columns of the test matrix. In the
ideal case, the dot product for every combination of two vectors would be identically
zero, representing an orthonormal set of vectors and guaranteeing that each trial is
providing only novel information. However, constraints are placed on the obtainable
values of the independent variables determined by the ability to manipulate the com-
ponent surface areas. Therefore, it is very unlikely that such a set of experiments
could be designed in most cases and it becomes necessary to develop a method to
maximize information gain within the constraints of the experimental system.

Within the context of powder mixtures, separation based on particle size is com-
monly performed by sieving, and such methods may be employed to generate samples
for analysis. For a mixture of components with different particle size distributions,
sieving the mixture will produce separate mixtures with distinct compositions. Care-

ful choice of the sieve mesh is necessary to maximize the experimental value of the
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produced mixtures.

Considering the case of a mixture of m mixture components, for which the overall
PSD, identity distribution (I(z)), and shapefactors (a(z)) are known, the total area
of each component between size bounds z,,;, and 2., is given by summing Eq. 6.12

within those size bounds:

az)= Y Pv(z)ol(z)oa(j)\/ (6.14)

2€[Zmin,Zmaz)

Zmin and 2,4 are bounded by the smallest and largest measured size ranges,
respectively, for the PSD. The choice of z,,, and z,.. is equivalent to the choice
of m — 1 intermediate sizes, within the support of the PSD, D, which will serve
simultaneously as z,,;, for a larger mixture fraction and as z,,,, for a smaller mixture
fraction. These sizes, effectively sieve mesh sizes, should be chosen such that the
resulting mixture fractions form a test matrix which is as close to orthogonal as

possible. This can be written as the optimization problem:

k—1

miny" S~ (A0 A©),,) (6.15)

m
k=2 j

st.oeD

Where ¢ is the vector of m — 1 intermediate sizes, and A is the matrix with
columns given by a in 6.14.

This construction seeks to identify the best sieve sizes to minimize the sum of
the squared dot products of the columns of the test matrix. While there is no gen-
eralization of the inner product to collections of vectors, the smaller this sum, the
greater the linear independence between experiments and therefore the greater the
information value of those experiments. Local minima to 6.15 can be computed di-
rectly, but for experimental convenience it is helpful to provide additional constraints.
Constraining the volume fraction between entries of ¢ to be above a minimum value

may be necessary to provide enough sample to experiment with. Depending on the
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sieves available, it may also be necessary to restrict ¢ from holding certain values.

6.4 PSD Validation for Framework Dissolution

Leaching can occur through migration of ionically-bound constituents, such as potas-
sium or sodium from feldspar, or via destruction of the covalently-bound framework,
comprised of aluminate and silicate tetrahedra in feldspar. Framework dissolution
naturally causes a decrease in the volume of a particle subject to it, and, taken to
its conclusion, the destruction of said particle. If this leaching mechanism is present
and rapid enough in the system under study, the alteration of particle size provides
an avenue to validate leaching rate estimates in the bulk case.

Consider a solid particle mixture, for which the particle size distribution of the
total mixture and of each phase is known. Under conditions of framework dissolution,
the mixture particle size distribution will change due to the changing volume of each
constituent particle, and the change will be a function of the dissolution rates of each
phase. Comparing the PSD of a mixture pre- and post-leaching therefore provides
information on the rates of framework dissolution. Further, if the relationship between
particle size and leaching rate is known, or can be accurately estimated, for each phase,
then the change in the mixture PSD provides further constraints on the values of the
phase leaching rates.

A method for the quantitative prediction of the post-reaction PSD of a dissolving
mixture is developed below. For any size range in the distribution, there are three

mechanisms that change the volume fraction it contains:
1. Smaller particles exit to the next smaller size range
2. Larger particles enter from the next largest size range
3. The total volume of the mixture is decreasing

For the shrinkage of particles, where particle shapes can be assumed to be con-
stant and to simply scale with time, the items above permit a simple mathematical

description.
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The rate of change of the characteristic dimension of a particle can be written as:

dR  —k(t) f(R)

dt — pm W

(6.16)

Where R is a representative shape measure, ¢ is time, k is the leaching rate of a
framework element per unit surface, p,, is the molar density of that element in the
solid, f(R) is the function which describes the surface area of the particle shape, and
V' is the volume of the shape.

It follows that the total volume loss from leaching can be written, for a single

mixture component, as:

ty _
Vipws = / ;“(t) SA() dt (6.17)
to m

Where Vs is the volume loss during leaching, and SA(t) is the total surface area
of the mixture component over time.

Eq. 6.17 must be calculated for each mixture component and the results summed
to obtain the total volume loss from leaching. This value could also be obtained
experimentally if the total volume of the remaining powder can be measured after
leaching, such as by weighing when the density is known.

These two equations, Eq. 6.16 and Eq. 6.17, provide the location and scale,
respectively, of the mixture PSD post-leaching. While it is necessary to solve both
Eq. 6.16 and Eq. 6.17 to accurately predict the entire distribution, in practice Eq.
6.17 is simply a multiplicative constant, and all the relevant information on the kinetic
behavior of the mixture components is contained in Eq. 6.16. An examination of the
units of this equation, length per time, provides insight to its utility as a second line of
evidence for validating leaching rates. Eq. 6.16 describes a velocity, along the support
of the PSD, at which a single class of features moves. As before, in 6.2, we consider
that the overall mixture PSD is the linear combination of the component PSDs, and
this combination is changing as the underlying component distributions move along
the support at different, kinetically-determined, velocities. The utility of this result is

most obvious when considering the simple case of a multi-peaked mixture PSD, where
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each peak corresponds to a unique mixture component. Distance between these peaks
would change upon leaching by the difference if their velocities, as calculated in Eq.
6.16. In more complicated, and more realistic cases, of broader PSDs with significant
overlap between mixture components, the utility is greatest as a way to check the
feasibility of the rates calculated using Eq. 6.4, by comparing the shift of features to
those predicted by the rates.

The most convenient application of Eqs. 6.16 and 6.17 is straightforward, and

does not require extensive knowledge of the particle shapes. The quantity % is a

dR
constant for any shape described by one-dimension, and can be approximated as a
unique constant for each value of R in the distribution, if desired. From there, the

change in size of any particle from leaching is:

AR = /tf k() fg) dt (6.18)

The size of a particle after leaching can then be described by the sum of the
original size, and the change due to reaction given above. The effect of this size
change on volume depends on the particle shape, but is proportional to the cube of
the fractional change in the dimension.

R} — AR?

AV o0 = (6.19)

Eq. 6.19 describes the fraction of volume retained by a particle of size R after
undergoing a scaling by amount AR. This is a curve, with smaller particles losing a
greater fraction of their volume than larger particles. The elementwise product of this
curve with the original PSD gives the fraction of the original volume that remains in
each size range after leaching. This new PSD must be normalized, formally through
the use of Eq. 6.17, but practically simple division by the sum of its entries is sufficient.
In complete form, the PSD of a material undergoing a size-altering leaching reaction

without change of shape is:
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Chapter 7

Phase Classification in Bulk Powders

Unlike in the microfluidic case, the surfaces of bulk samples are anonymous. That
is, there is no feasible way to assign an identity label to a distinct feature, and prop-
erties of groups of objects must be considered instead. Despite the differences in
approach, the goal of classification remains the same as discussed in Chapter 5, to
obtain an estimate of the surface areas of individual mixture constituents that can
be used in Eq. 6.4 to calculate the leaching rates. This is performed by decomposing
the particle size distribution of a mixture into a linear combination of the PSDs of
the mixture components, and then calculating the identity distribution - the frac-
tion of volume at each measured size range that belongs to each component - which
solves the identity problem described in Section 1.2. The definition of the identity
distribution in Section 6.10 follows directly from the deconvolution of the PSD, and
therefore its suitability as a tool for analysis of a mixture relies on how accurately
this mathematical representation captures the mixture PSD. Uncertainty due to the
failure of Eq. 6.8 to represent reality is not captured in Eq. 6.11, and is difficult to
quantify without quantitative knowledge of the mechanism by which a mixture differs
from the ideal case represented in Eq. 6.8, information, if known, which would enable
the development of a more suitable model for the mixture. Experimental evidence of
the close agreement between the actual mixture PSD and the PSD predicted by Eq.
6.8 is therefore required before using the identity distribution to calculate mixture

component surface areas and presenting such evidence is the focus of this chapter.
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Two experimental developments are presented in this chapter: the validation of
the representation of a mixture PSD as a linear combination of the components PSDs
for several systems, and the presentation of surface area estimation results for systems
of mixed mineral powders. The first supports the use of the PSD-based framework
for estimating component areas, and is a necessary part of employing this framework
for any system. The second outlines the results, including uncertainties, that were

obtained using this method for model systems of mineral mixtures.

7.1 PSD Deconvolution

Samples containing varying amounts of feldspar powders and quartz sand were pre-
pared in order to test the validity of the model presented in Section 6.2. Validation
proceeds by comparing the measured PSD of a mixture to the PSD predicted by Eq.
6.8, given the component PSDs and mixture composition. Deviations from the as-
sumed linear combination indicate the violation of the assumptions used to produce
the model, with the most important being the conservation of particles across mix-
ing. This assumption essentially enforces conditions of no aggregation or flocculation;
phenomena which are strongly dependent on the surface interactions of the solids and

the solvent and can not be assumed to be negligible in a system without evidence.

7.1.1 Binary Mixtures

Three classes of binary mixtures were studied, mixture of nickel compounds, mix-
tures of feldspar powders, and mixtures of feldspar powder with quartz sand. These
different classes serve to probe a diverse set of size ranges and solid interactions, in
order to provide a broader test of the model’s validity. The materials were suspended
in distilled water and the suspension pumped through a laser diffraction particle size

analyze (Beckmann Coulter LS13320).
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Nickel compounds

Mixtures of nickel silicate and nickel oxide, at 20, 40, 60, and 80 wt.% silicate, were
prepared by mixing known amounts of the pure powders. The oxide and carbon-
ate were purchased as powders, while the silicate as-received was in millimeter-sized
pieces. The silicate was ball-milled for one minute in an alumina jar using steel balls
to create a powder which could be mixed with the other compounds. The PSDs of
the pure components are shown in Figure 7-1 and comparisons between the measured
and predicted PSDs for the mixtures are shown in Figure 7-2.

Pure-Component PSDs

——Nickel Oxide
- = =Nickel Silicate
Nickel Carbonate
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Figure 7-1: PSDs of the pure Nickel powders

The PSDs of each compound exhibit a large amount of overlap, that is, signifi-
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cant fractions of each distribution lay in size regions where multiple compounds have
significant presence. Size-separation techniques, such as sieving, would therefore be

unable to achieve a high amount of separation for most of the mixture.

0.03 20% Nickel Oxide / 80% Nickel Silicate 0.04 40% Nickel Oxide / 60% Nickel Silicate
4 Measured 3 Measured|
Predicted Predicted
0.035 | 1
0.025 1
v % 0.03F
0.02F % 1
I 0.025
8 i
[*]
)
w
= 0.015F 0.02
E
=2
= 2
0.015F
0.01 F §
3 0.01
0.005 ; ]
3 o 0.005
13
P4 -
0 . 0
10° 10? 10° 10°
Particle Size [um Particle Size [pm
0.045 60% Nickel Oxide / 40% Nickel Silicate 0.06 80% Nickel Oxide / 20% Nickel Silicate
, $ Measured $ Measured
Predicted Predicted
0.04 - i
0.05+
0.035
0.03F 0.04 }f L
§ 1
S 0.025 j
)
'S 0.03 %
E
_3 0.02 - §
] P!
o
0.015 002+ 3
? ]
[ §
L 3
0.01 i b
0.01} &
g -4
0.005 - m
/J :
L]
0 L o \ . %
10° 10* 10° 10? 10°

Particle Size [um Particle Size [pm

Figure 7-2: Comparison of measured PSDs and those predicted by Eq. 6.8 for mix-
tures of nickel silicate and nickel oxide. The density of each component used for
prediction was found via liquid displacement: NiySiO4= 4.9 g/cm?, NiO=6.7 g/cm?

Agreement between the measured and predicted mixture PSDs is good overall,

with an average absolute error of 6.7% across the four mixtures which is roughly
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coincident with the approximately 5% standard error in the measured values. The

error is greater at the two intermediate compositions (40-60: 7.8% and 60-40: 8.1%)

than the extreme compositions (20-80: 6.8% and 80-20: 4.7%), which suggests some

degree of interfering interaction between the oxide and silicate particles, such as ag-

glomeration. However, given the coincident magnitude of the error in the prediction

relative to the variability in the measurement, this interaction does not harm the

validity using Eq. 6.8 to describe the system, and identity distributions calculated

from Eq. 6.10 remain valid for this system. The results for the identity distribution

calculation are given in Figure 7-3.
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Figure 7-3: Identity distribution values for the mixtures of nickel oxide and silicate
calculated using Eq. 6.10. The dotted lines are the upper and lower bounds of the
95% confidence interval for each component, calculated using Eq. 6.11.
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For the nickel oxide-nickel silicate system, the values obtained for the identity
distribution are intuitively plausible, the value for nickel oxide vanishes away from the
peak in the PSD of the pure nickel oxide, and the confidence intervals are narrow. The
large increase in uncertainty at the highest size range is an artefact of the vanishingly
small value of the total mixture PSD in this region With these results, the identity
problem is solved for this system. With knowledge of the shape of the particles, the
surface area of oxide and silicate in each mixture can be estimated and the leaching
rates of the oxide and silicate calculated from leaching experiments without the need

to separate the mixture.

Feldspar powders and quartz sand

Binary mixtures of two potassium feldspar powders, designated EBT13 and FSB02,
were created with compositions of 25 wt.%, 50 wt.%, and 75 wt.% EBT13. The PSDs
of the pure components and mixtures were measured, and compared to those predicted
using Eq. 6.8. In addition, mixtures of FSB02 and quartz sand were prepared in the
same composition levels. The pure component PSDs are given in Figure 7-4 and
results of the comparison for both mixture types are given in Figure 7-5.

Significant overlap is observed in the particle size distributions of the feldspar
powders. Mixtures of these powders would therefore be difficult to separate using
common size-based methods, which underscores the need for a tool to calculate indi-
vidual component properties without requiring separation. The overlap, and similar
chemistries, of the feldspar powders also increases the likelihood of particle agglom-
eration, which would render Eq. 6.8 invalid. As a test of the validity of this model in
real mineral systems, these conditions are ideal.

Very strong agreement is seen between the model and measured results, in all
cases, at sizes below approximately 250 ym. The average error across all six mixtures
is 17.1%, with the three feldspar powder mixtures having an average error of 2.0%
and the three mixtures containing sand having an average error of 28.4%. Features
larger than um - exclusively quartz in these mixtures - were poorly suspended in the

water flowing through the optical cell, and therefore the particle size measurements
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Figure 7-4: PSDs of the pure felsdpar powders and quartz sand

are less reliable at these sizes. This effect originates from the large density difference
between quartz and water and is likely limited to the larger sizes due to the settling
velocity of the particles increasing with the square of the particle size in accordance
with Stokes’ law|122]. The close overall agreement of the computed and measured
PSDs, in mixtures without quartz and at sizes below 250 pum, lends confidence to
the structure of the model, a linear combination of the component PSDs can be used

to accurately represent the mixture PSDs in, at least some, mineral systems of two
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Figure 7-5: Comparison of measured PSDs and those predicted by Eq. 6.8 for
mixtures of feldspar powders (EBT13 and FSB02) and quartz sand. The density
of each component was measured to be: EBT13= 1.2 g/cm?, FSB02=1.02 g/cm?,
quartz=2.65 g/cm?

components. The identity distributions of the mixtures are given in Figure 7-6.

As above, the values of the identity distribution are plausible given the pure-
component PSDs shown in Figure 7-4, and the confidence intervals are generally
narrow. The PSDs of the sand and FSB02 only have a narrow region of overlap at a
particle size of around 100 pm, which is shown clearly in the rapid inversion of the
identity distribution at this size for the mixtures containing sand. The measurement

difficulties with the quartz which cause poor agreement between the measurement and
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Figure 7-6: Identity distribution values calculated for the mixtures of feldspar powder

and sand

model at larger size ranges do not manifest themselves in a larger confidence interval

for the identity distribution because they occur in regions where there is essentially

only one possible identity for the particles; there is no question that the larger particles

are quartz, as the other components of the system do not have particles that large.

However, these measurement difficulties will manifest in the accuracy of the surface

area estimate which can be obtained with the uncertainty in the size distribution of

these larger particles.
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7.1.2 Ternary Mixtures

While binary mixtures are the simplest systems which can benefit from the analysis
and methods developed in this work, mixtures with a greater number of components
are more likely to be encountered in real scenarios. Ternary mixtures are the simplest
extension of the framework towards these many-component systems. A ternary mix-
ture of the two feldspar powders, EBT13 and FSB02, and quartz sand was created
by mixing equal weights of each, and the Eqgs. 6.8 and 6.10 were used to calculate
the predicted PSD and identity distribution, which are shown in Figure 7-7 below.
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Figure 7-7: Left: Comparison of measured PSDs and those predicted by Eq. 6.8
for a ternary mixtures of two feldspar powders (EBT13 and FSB02) and quartz
sand. The density of each component was measured to be: EBT13= 1.2 g/cm?,
FSB02=1.02 g/cm?, quartz=2.65 g/cm?. Right: The identity distribution calculated
for the ternary mixture.

As before, agreement between the measure and modeled mixture PSD is good for
particle sizes below 250 pm. The presence of a third component does not appear to
negatively affect the utility of the identity distribution for the feldspar powders, as

shown by the close agreement between the identity distribution shown in Figure 7-7
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and that shown for the binary mixture of 50% EBT13/FSB02 in Figure 7-6.

7.2 PSD Estimation via Microscopy

In systems with significant overlap in particle size between mixture constituents,
measurement of the individual PSDs is a non-trivial task. Various schemes can be
imagined to obtain approximations of the individual distributions from the mixture.
One option is fractionation of the mixture by size, followed by measurement of the
fraction composition and PSD. This may produce good results if fractionation is facile
and size-specific, and recovery rates are high. Another is optical granulometry, direct
observation and measurement of the particles via microscopy, with the PSD being
computed directly from the observed geometry[88|. Similar to the case of classifying
minerals from a mixture in a microfluidic channel, this method requires that mixture
constituents can be identified visually. This second method was employed for this
work, as it also provides information on the particle shape, which is necessary to use

Eq. 6.5 to calculate surface areas.

7.2.1 Experimental and Analysis Procedure

To prepare the powders for granulometry, approximately 300 milligrams of powder
were added to a clean glass vial. The vial was filled with heptane, capped, and
shaken vigorously to suspend the powder. Before settling could occur, a sample of
the suspension was drawn into a pipette and dropped onto a clean glass slide. Several
repetitions of suspension, sampling, and addition to the slide were performed until
the slide was coated entirely with heptane. The slide was then placed in a drying
oven at 60°C until the heptane evaporated, leaving the previously-suspended powder
as separated particles on the glass. The prepared slides were then imaged using a
Olympus BX51 microscope, and the photographs analyzed with a custom MATLAB
routine to estimate the volume-based particle size distribution. Examples of the
microscope images are given in Figure 7-8.

The image analysis routine to estimate the PSD is similar to that described in
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Figure 7-8: Two example images of nickel carbonate drop cast on a glass slide, viewed
in dark-field

Chapter 5. Images are taken in dark-field to increase contrast between the background
and the particles and facilitate particle identification. Each image is then binarized,
and the contained objects detected and measured in the same manner as described in
Section 5.2.5. To convert the measurements of the two-dimensional image objects to
estimates of the volume-based distribution, some assumptions must be made about

the shape and orientation of the particles.

e The major axis of the particle is oriented along the surface of the glass, perpen-

dicular to the viewing angle

e The out-of-plane depth of the particle (d) is commensurate with the in-plane

minor axis length of the particle

The first assumption is grounded in mechanics, it is unlikely that an extended
body would rest stably on a surface if the longest dimension was perpendicular to
the surface. That is, the most stable configuration for a three-dimensional body on a
plane is the one which produces the widest contact with the plane and the shortest
height above it. The second assumption is one of necessity, traditional microscopy
and photography give very little information on the out-of-plane extent of an object,
and therefore an assumption must be made. Given the restrictions and reasoning

of the first assumption, it is logical to assume that this third measurement,d is of
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the same general magnitude as the shorter of the two visible dimensions. If d were
much greater than the visible minor axis length, the particle would be unstable on the
glass. However, there is no minimum value of d which can be prescribed, and therefore
enforcing this assumption will tend to produce an overestimate of the particle volume.
To correct for this, d is estimated as half the minor axis.

With the results of the particle measurements obtained via image analysis, and
the assumptions above, an assumption of the particle shape is required. An ellip-
soid was chosen, as rounder shapes are more common in natural systems exposed to
weathering|75]. The three axes of the bounding ellipsoid of the particle were taken
to be the visible major and minor axis lengths, and d. The particle volume is then
estimated as the volume of this bounding ellipsoid. Object solidity, the fraction of
the convex hull of the image object that is filled, was used as a correction factor
to the volume of the ellipsoid to account for concavity. As solidity is an area-based
metric, the full correction was to multiply the volume of the ellipsoid by the solidity
raised to the three-halves power. After these calculations, the obtained quantity, in
cubic pixels, was converted to a physical estimate through the use of the image scale.
This manner of estimation was applied to each particle visible in an image, and the
results of multiple images were combined to produce the PSD estimate. A rolling
average over ten points was used to smooth the obtained distribution estimate. This
procedure was applied to photographs of drop-casts of nickel carbonate and nickel
silicate, to assess the suitability of the technique for estimating PSDs of individual

components in mixtures.

7.2.2 Nickel compounds

Comparison between the PSD for the nickel oxide and carbonate obtained through
laser diffraction and granulometry is shown in Figure 7-9.

For the oxide, overall agreement is excellent, though there is a clear minor feature
at small particle sizes. For the carbonate, overall agreement is poor, although the main
peak is resolved fairly well. Systematic overestimation of the volume of individual

particles appears to have occurred, due to the slight slight the main peak towards
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Figure 7-9: Comparison of the PSDs obtained via laser diffraction and optical gran-
ulometry for nickel oxide (left) carbonate (right)

the larger size ranges. Two significant inadequacies are apparent in the regions above
and below the main peak. The error at larger size ranges is likely due to inadequate
sampling; across the thirty images used to estimate the PSD, not enough of the larger
102 um features were observed. This is to be expected, as, based on the laser diffraction
PSD, such features are three orders of magnitude less common than those near 10*um.
In addition, these larger features are more likely to settle out the initial suspension
before it can be sampled, leading to another source of systematic undersampling bias.
At the lower end of the size domain, approaching and below one micron, a significant
limitation of this method is encountered. The resolvable depth of field for an optical
microscope is inversely proportion to the magnification|[117], which creates difficulties
in producing a focused image of three-dimensional particles at magnifications high
enough to preserve these very small features through the image analysis procedure.

At the highest magnification (20x) which allowed for focusing most of the objects in

122



the field, a one-micron wide particle is only about three pixels wide. Additionally,
as the range of the width of the PSD increases this optical technique becomes less
applicable to a naive first-sampling of the powder. This is shown cleary by the results
obtained for the nickel silicate powder, given in Figure 7-10, which has a more uniform

PSD than the carbonate.
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Figure 7-10: Comparison of the PSDs obtained via laser diffraction and optical gran-
ulometry for nickel silicate

The wider PSD creates extra difficulty in microscopic examination, as it reduces
the fraction of particles which can be optically focused at any magnification level.
One remedy to address these shortcomings is to restrict the domain under study by
sieving the powder into multiple narrower domains. Smaller features may then be
captured better at higher magnifications, leading to stronger results in the micron
and sub-micron regimes. Undersampling bias is a persistent challenge at the larger

size ranges, and may require analyzing large number of images to acquire good results.
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7.3 Discussion

The results shown in Figures 7-2, 7-5, and 7-7 show that such a decomposition can
accurately represent the overall mixture particle size distribution. This success en-
ables the use of the identity distribution of Eq. 6.10 to quantify, with uncertainty,
the identity of previously anonymous particles in a mixture. As seen in Figures 7-3
and 7-6, the confidence intervals for this classification are narrow, which reduces the
amount of uncertainty propagated to surface area estimates through the use of Eq.
6.12, directly reducing the uncertainty in the leaching rates calculated with Eq. 6.4.

A method of estimating component PSDs via microscopy, through analysis of the
images of drop-cast powders, was presented. This procedure can provide usable first
estimates of size distributions, and is particularly suited to samples with a narrow,
unimodal PSD. Challenges remain to improve the accuracy of the technique for par-
ticles of approximately one micron, and for larger particles which are rarely found
in the microscopic images. More advanced confocal microscopy techniques give some
information on the out-of-plane extent of objects|[102], and may be suitable to provide
more detailed volume estimates. Despite these shortcomings, the total error between
the microscopic technique and the standard laser diffraction method was around 50%,
which is suitable for a first-pass estimate of surface areas and leaching rates, if no

other avenue is available.

7.4 Conclusion

Decomposition of mixture particle size distributions into linear combinations of the
PSDs of their components offers an avenue to solving the identity problem in bulk
systems. The analysis developed in Chapter 6, and the results presented here, reduce
the solution to the problem of leaching rate determination in multicomponent, inter-
fering systems to the determination of two quantities. For any system for which the
linear decomposition of the mixture PSD is suitable, the chemical leaching behavior

can be fully specified given knowledge of the component PSDs and their a(z) shape
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factors. This simplifies a complex, multiscale, multiphase problem to the simple, but
by no means easy, task of quantifying the geometry of the mixture constituents. Fun-
damentally, the only challenges remaining for bulk systems, are the development of

appropriate measurement techniques to access these quantities.
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Chapter 8

Surface-to-Volume Estimation via

Microscopy

A key parameter for calculating phase surface areas using Eq. 6.12 is a(z), the
function of particle size which describes the surface-to-volume ratio of the mixture
components. This function depends on the shape of the particles, and therefore
requires observation of the shape to estimate. Direct observation of the particles via
microscopy is a straightforward and accessible technique to access particle shape, and

this motivates the development of a method for estimating a(z) using microscopy.

8.1 Framework for Estimation

In Eq. 6.5 a(z) is defined as the average ratio of the surface area of a particle to the
volume of that particle multiplied by the size range in the PSD domain the particle
inhabits. This construction means the quantity «(z)/z is the full surface area to
volume ratio for a mixture component, at size range z. An advantage of this definition
is the a(z) value for any shape defined by a single measurement (sphere, cube, and all
platonic solids) is simply a constant. For shapes of two separate measurements, such
as cylinders and square prisms, where z is one of the measurements, «(z) will be a
constant plus a multiple of the ratio of shape dimensions. The pattern continues for

shapes of three unique measurements, where a(z) assumes a value of a constant plus
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multiples of the ratios of z to both other dimensions. For systems where particles
are well described by such simple shapes, calculating a(z) reduces to choosing an
appropriate basis shape, which defines the constants, and calculating the aspect ratios
of the particles across the range of sizes in the PSD. Corrections to account for
extra area due to surface roughness or cracks could be introduced by increasing the
constants present in the expression. Such well-ordered systems are not the norm for
natural systems, such as soils and mineral mixtures, however, and a more general

approach suitable for irregularly-shaped particles must be developed.

Leveraging the particle volume estimation procedure developed in Section 7.2,
and extending it to estimate particle surface areas as well, will allow the estimation of
a(z) for arbitrary particle shapes. For heterogeneous particles, this naturally involves
an averaging of the surface to volume ratio of different particles in a size class, as
individual particles are not distinguishable objects. Accepting the estimate of the
particle volume derived in Section 7.2, surface areas can be estimated without the

need for defining a reference shape.

Analysis of the microscope images allows measurement of the projected areas of
the particles. In transforming this projecting to the surface area of three-dimensional
shape, multiple options are available. Defining a convenient reference shape, as was
done for estimating particle volumes in Section 7.2 is possible, although unnecessary
for obtaining reliable estimates. In the interest of making the fewest assumptions,
the projected area of the particle will be transformed into a three dimensional shape
via the simplest method, and it will be shown that the maximum error for using this
simple method is acceptable. The area of the image object is assumed to form two
faces of a solid, separated from each other along the viewing axis by a distance d.
The edges of these faces are joined, forming a three dimensional solid whose cross
section is that of the image object; this essentially creates a cylinder whose ends are
the shape observed through the microscope rather than circles. The solid formed is,
rigorously, the extrusion of the shape observed via microscopy by a distance d into
the viewing plane. The surface area of this shape is then equal to twice the area of

the faces, which are directly measurable, plus the product of the perimeter of the face
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and d.

This 'cylindrical” approximation for the shape, while simple, has desirable estimate
error properties that make it attractive. The lower bound on error is zero, if the true
shape is a cylinder or cube, with an upper bound of approximately a factor of two,
if the true shape is a tetrahedron and d is estimated in the manner as in Section
7.2. For particles with a spherical shape, the relative error is equal to half of the
ratio of d to the true diameter, i.e. an error of 50% in estimating d only produces
an error of 25% in the estimated area. Even when the true particle shape is far
removed from a cylinder, the error in the area estimate is controlled largely by the
relative magnitudes of the estimate of d and the true depth of the particle. This is
critically important as there exist no general technique to quantify particle surface
areas, and so no direct comparison to reality can be performed on the estimates of
«. Gas adsorption techniques, widely used to measure specific surface areas, require
mixtures to be separated to measure individual components, precluding their use for
systems which are difficult or undesirable to separate. Such techniques can also suffer
from dramatic overestimation, as free gas molecules can access fine particle pores that
may be inaccessible to a leachant solution|97, 70]. There is also an effect similar to
the coastline paradox[50], where different surface areas are measured depending on

the size of the adsorbed gas molecule|97].

8.1.1 Nickel Compounds

The area estimation procedure described above was performed concurrently with the
volume performed in Chapter 7 for samples of nickel carbonate and nickel silicate.
Sample preparation and microscopic analysis for these samples were identical to those
described in that chapter. Results for surface-to-volume estimation for the nickel
compounds are shown in Figure 8-1.

Similar trends are seen between the reference platonic solids and the nickel com-
pounds, although the areas estimated for the powders are much higher than those
of the geometric objects. This is consistent with the focus on concavity above, as

it is not surprising that real shapes, that are not confined to be strictly convex, can
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Figure 8-1: Comparison of the a(z)/z values obtained for the nickel compounds with
those of several platonic solids

have much larger surface areas than platonic solids. These results underscore the
danger in assuming convenient reference shapes to calculate particle properties, as
particle shapes are rarely so convenient and their properties are therefore difficult to
calculate. While the trend in the values of «(z)/z across the domain is encouraging,
there is some concern in the similarity between the different nickel species. While the

carbonate and oxide are likely well-described by this procedure, the silicate powder

130



has a more complex shape, and that complexity appears to have been lost to some
degree through the image analysis transformations. It is also possible that true values
of a for the compounds are close and the technique is simply not sensitive enough to
distinguish between them. As mentioned in Chapter 7, the issues with representative
sampling at the ends of the domain remain unchanged here as the technique relies on
microscopy. For this reason, the estimates of o end around 50 pm, because there were
not enough particles of this size present in the microscope images. The limitations of
microscopy may help to explain the similarity between the results as well, given that
particles with similar settling velocities (itself dependent on the surface-to-volume
ratio of the shape) would be likely to be sampled in the drop-casting procedure to

attach the powder to the microscope slide.

8.1.2 Phase Discrimination

Optical microscopy is a powerful technique for phase discrimination, and especially
so for nickel compounds. A stark difference in the color of the nickel silicate and
oxide was observed. This difference was most pronounced in the blue channel of the
full color image, as shown in Figure 8-2. These differences could be used to create a
mask for the optical PSD estimation procedure, enabling the estimation of component

PSDs from the mixed sample.

Figure 8-2: Left: Full color image of a mixed nickel oxide/nickel silicate sample.
Oxide particles are the dark green features. Right: A grayscale image of only the
blue channel of an image of the mixed sample. This exaggerates the color difference
between the oxide and silicate.
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8.2 Discussion

The results shown for dark-field, reflected-light microscopy are encouraging. Trends
of a with particle size follow similar trends as those of platonic solids, suggesting
that particle shape does not vary greatly across the range of particle size. Values of
« are much larger than would be expected for reference shapes of convex polyhedra,
showing the importance of considering concavity when estimating the surface area.
Deviations from idealized, strictly convex, shapes affect estimation of the surface area
much more, on average, than estimates of the volume. This is easy to understand
when considering the focus of this chapter, surface to volume ratios, and how such
quantities scale with feature size. Small deviations from an ideal shape, e.g. indents,
protrusions, cracks, etc. add or remove very little volume compared to their effect
on surface area. Furthermore, surface imperfections are fractal in nature|71], and
exist at too many scales to permit a facile method for true surface area measurement.
Returning to the coastline paradox, one must decide at which scale to estimate surface

areas, and remain consistent with this choice.

In this sense, there is much more to solving this problem than obtaining a perfect
surface area measurement. Recall that in 6.4 the mixture component surface areas
appear as linear weighting terms to the leaching rates, and that the product of the
rates and the areas is constrained to reality by measurement of the leachate concen-
tration. Therefore a constant factor of systematic over, or under, estimation of the
component surface areas will scale the calculated rates estimates by the reciprocal of
this factor while maintaining their relative magnitudes. The key is that the error in
the area estimate does not differ greatly between mixture components, as, if this is
not true, then the ratios between rates is compromised and the information gained
from this process is of lesser value. Effort for the development of area estimation
techniques should therefore prioritize convenient estimate error properties, as done in

this work, rather than striving for the unobtainable goal of perfect accuracy.

There one major weaknesses of the cylindrical method of approximating surface

areas using optical microscopy. Only the projected area of the particle is visible, and
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only from one side. Given the argument of preferred orientation of the particles made
in Section 7.2.1, this prevents all information about the concavity of the particle from
being known. The perimeter seen through the microscope is comprised of the points
of greatest extent of the particle across all cross-sections along the path of the light.
Additionally, the condition of the surface visible to the microscope is unknown, with
regard to roughness, and the surface on the opposite side is likewise occluded. These
shortcomings will cause the method, on balance, to underestimate the surface area of
highly concave and asymmetric particles. Particles with such significant irregularity
will present a difficult challenge to any estimation method, as, by virtue of possessing

such complex surfaces, they defy reduction to a simple model.

8.3 Conclusion

Microscopy provides one of the few feasible methods of direct interrogation of par-
ticle size and shape. As such, it is uniquely situated to assist in the creation of a
tractable solution to the identity problem in bulk powder systems. However, it must
be noted that shape and size are not simple quantities. The complexities of particle
size analysis and general solid characterization remain difficult to resolve to this day.
Instruments which produce simple answers, such as the volume-based PSDs given by
laser diffraction particle size analyzers, obscure much of the complexity of the phys-
ical nature of powders. Mathematics itself provides few general tools suitable to the
analysis of concave shapes compared to convex shapes|[146, 101]. Any future work in
this arena must proceed fully informed on these points. Future adjustments to the
area estimation procedure could include more complex techniques, such as incorpo-
rating 3-dimensional information gathered from confocal microscopy|[102] and future
modeling work could identify more general reference shapes or algorithms with more
desirable error properties than the one presented in this work. Lastly, while the area
and volume estimation procedures given in this chapter and in chapter 7 are appli-
cable to any system, there are likely many mixtures where the accuracy of area and

volume estimates could be significantly improved through system-specific refinements
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to the procedures.
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Chapter 9

Determination of Leaching Rates
under Conditions of Mutual
Interference in a Bulk Powder

Mixture

A mixture of nickel oxide and nickel silicate was chosen as the test system for the
extended bulk leaching method. The pure components, as well as two binary mixtures,
were leached in the apparatus shown in Figure 6-1. In this chapter, the leaching
results of the bulk method developed in Chapter 6 for this system will be presented.
The supporting results for surface area determination and framework dissolution are

presented in Chapters 7, 8 and 10.

9.1 Experimental Conditions

In all experiments, approximately 0.5 g of powder was placed in the bulk leaching
apparatus, on top of a disposable glass filter disc. The powder bed was spread to a
uniform thickness before the filter funnel was sealed. The leachant solution was stored
in a sealed glass beaker and the flow rate was set using a peristaltic pump. Acidic

leachant solutions were prepared using nitric acid, while basic leachant solutions were
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prepared using sodium hydroxide. Flowrates were either 5 mL /min, for the pure nickel
silicate, or 10 mL/min for all other experiments. The leachate solution was collected
over three minute intervals for a total of 10 samples in 30 minutes. The hold-up
volume inside the funnel was estimated from the difference in fluid volume of the first
sample (at 3 minutes) and the average of the remaining samples, and was found to be
approximately 4 mL in all experiments. From these results, average resident times of
48 and 24 seconds, for the pure nickel silicate and all other experiments respectively,
were calculated. These are slightly higher, but still comparable, to the 10-20 second
residence times in the microfluidic channel.

As in the microfluidic case, it is necessary that homogeneous reactions are sup-
pressed, as the model in Eq. 6.3 only incorporates heterogeneous reactions. Addi-
tionally, channeling through the bed must be reduced, in order to ensure that the
outlet concentration represents the leaching of the entire bed. The first constraint is
supported by the use of low residence times, to keep the in-situ concentration low.
Powder beds were kept thin and uniform, with the goal of reducing the pressure
gradient across the bed and the formation of preferential paths for flow through the

bed.

9.2 Leaching Results

Each sample was diluted 1:10 in 1M nitric acid before analysis via ICP-MS. This
normalized the pH between the basic and acidic samples and kept the total species
concentration close in magnitude to the concentration of the ICP internal standard

(1 ppm indium).

9.2.1 Pure-Components

Pure powders of nickel oxide and nickel silicate were leached separately to serve as
references for the leaching rates of the mixtures. Figure 9-1 gives the time series data
for the pH 11 and pH 2 leaching experiments for the pure powders.

The obtained signals vary smoothly with time in the case of a basic leachant
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Figure 9-1: Left: Outlet concentrations of nickel from leaching of pure nickel silicate
and nickel oxide with pH11 sodium hydroxide. Right: Outlet concentrations of nickel
from leaching with pH2 nitric acid. Concentrations from the silicate are plotted on
the left axis, and oxide on the right axis.

solution. In contrast, the silicate signal in acidic solution appears to approach a
constant value within a modest variance. These differences in pH hint at a change
in the mechanism of dissolution between acidic and basic conditions, as would be
expected for a silicate material given the complex pH-dependent speciation of silicon.
In both cases, the oxide signal drops below detectable limits before the end of the 30-
minute runtime of the experiment. The concentrations in the acidic case are roughly

1 order of magnitude larger than those measured in the basic case, for this reason the

acidic regime was chosen for the leaching of the binary mixtures.

9.2.2 Binary Mixtures

Two binary mixtures were created by mixing known amounts of the pure oxide and
silicate powders. One was 60 wt% silicate, and the other 40 wt% silicate with the
balance being nickel oxide. The PSDs of these mixtures were shown to agree well
with the mixing model, as shown in Figure 7-2, and these compositions were chosen
to simulate poor separation of a binary mixture of equal weights of both components.
The leaching results for these mixtures are given in Figure 9-2.

The concentration profiles follow a clear decreasing trend starting with the sam-

ple taken at 15 minutes. As the mixtures appear to have not fully reached steady
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Figure 9-2: The outlet concentrations of nickel measured during leaching of the binary
mixtures with pH2 nitric acid.

leaching behavior during the 30-minute window, the data in this region was fit to a
simple decaying exponential with a constant offset to identify the steady-state con-
centration. These fits are given below in Figure 9-3. Of course, running a longer
leaching experiment would be preferable to relying on an empirical fit to extract a
steady concentration. The experimental runtime was decided after the results of the
pH 11 leaching experiments, and then the pure component and mixture leachings
were all performed before measurement of the concentrations of the samples from any

of these experiments.

The fits agree with the data to high accuracy. There remains some danger in
extrapolating an empirical result beyond the domain of the data, however, as the
concentrations are expected to drop to a steady value, the form of the model is likely to
be sufficient. The steady concentrations for the pure components and binary mixtures
were converted to molar flows of nickel by multiplication with the volumetric flowrate.
These molar flows are plotted in Figure 9-4 versus the weight fraction of silicate, as
that is the more active component of the mixture. A strong linear relationship is seen
between the weight fraction of silicate and the nickel flowrate, which is to be expected

given that the steady concentration from the oxide was observed to be zero.

From the results shown in Figure 9-4, and the pure component leaching results,
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Figure 9-3: Fits for the regression of the steady leaching concentration from the

mixture leaching results. The fitting function was a decaying exponential plus a
constant term.

the bulk model should be able to describe the leaching in the system. Fundamentally,
the model is a summation of linear relationships between the surface area of mixture
components and the molar flow of the leached species. For the case of this mixture,
the oxide relationship is a rather uninteresting factor of zero, and the entire leaching
behavior is due to the silicate content. However it should be stressed that the only
reason this is known to the reader, at present, is the results shown for pure-component
leaching experiments which could not be performed on a general solid mixture. The

task of using only the mixture leaching experiments to calculate the leaching rates
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Figure 9-4: Steady molar flow of nickel leaving the powder bed vs. the nickel silicate
weight fraction.

shows the true utility of this work, and for this task the behavior of the oxide cannot

be assumed to be unimportant.

There are two fundamental limits to consider in the problem of determining mul-
ticomponent leaching rates: equal importance and extraneous variables. In the equal
importance limit, the total leaching rate, importantly not only the intrinsic leaching
rate, of each phase is of coincident magnitude. The equivalent plot of the nature
of Figure 9-4 would be a roughly horizontal line near the regions of the mixture’s
natural composition. In the extraneous case, all of the leaching behavior is due to a
subset of the phases, and the remaining phases contribute nothing, chemically, to the
mixture’s leaching properties. In the first case, the methods developed in this work
are somewhat tedious - if the leaching behavior is not observed to change within the
experimental ability to separate the mixture, then the answer is simply that leaching
rate is similar between all phases. In the second, less rigorous methods are strained.
The presence of surface areas for non-reactive phases, of variables with no explanatory
power, only serves to increase the confidence interval of the relevant phases by serving

as a sink for system uncertainty. As discussed in Sections 3.3 and 6.3, the condition
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number of the design matrix is likely to be large owing to ineffective separation, and
therefore the effects of experimental uncertainty on the estimates of leaching rates
will be magnified. It is for this reason that, while it may seem initially trivial, the
calculation of leaching rates from a mixture with one significant component is an

important test case.

9.3 Rate Calculation

The synthetic nature of the mixtures permits a slight simplification in the calculation
of the rates. As the mixtures were created by mixing the pure powders directly,
rather than created by sieving a mixture of the powders, the specific surface areas of
the components in each mixture are identical. Practically, this means that the area
calculation can be done once using the entire «(z) curve, and then scaled based on
the mixture composition, rather than using portions of the curve depending on the
size fraction of the mixture. Estimation of the o values for the silicate and oxide is
shown in Chapter 8. The estimated surface areas and measured molar flows for each

phase and trial are given in Table 9.1.

Nickel Silicate | Nickel Oxide | Outlet Molar Flow
[m?] [m?] [mols/s|*1e8

60 wt% Silicate | 0.792 0.528 2.32

40 wt% Silicate | 0.436 0.654 1.19

Table 9.1: The component surface areas and outlet molar flows for each trial of the
mixture leaching experiments.

The results of different solution techniques of Eq. 6.3 to the system given in Table
9.1 are shown in Table 9.2. As expected, direct inversion does not produce a physically
reasonable solution to the problem, as the rate of nickel release from the oxide is not
negative. For a system which could be separated to a larger degree, with greater
differences in surface area between trials, the inversion solution would be expected to
produce stronger results. Treating the system as a parameter estimation problem and
solving with the generalized maximum entropy (GME) technique produces a silicon

leaching rate which compares very favorably to the rate measured from the pure
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silicate. This is important, as it shows the technique is self-consistent, and comparison
with any other measurement of rates is likely a matter of finding a common basis,
as the measurement of phase surface area is likely to differ if different measurement

techniques, such as BET, are employed.

Direct GME Parameter | Pure Component .
. . . . Literature
Inversion | Estimation Experiments
Nickel Silicate
[mol /m2 /s|*1e8 3.5 2.6 2.7 2.7e-3[135]
Nickel Oxide
[mol /m2 /s|*1e8 -0.97 0.15 0 0[104]

Table 9.2: Rate estimates acquired by several methods for the leaching experiments
of the binary mixtures

The silicate rates do not agree with those found in literature for the leaching of
nickel silicate in pH 2 nitric acid. The authors of this study used a leaching setup
very similar to the one used in this work, however they waited "several hundreds of
hours" to measure the steady leaching rates. It is not surprising, then, that the rate

measured here, after only 30 minutes, is much higher.

9.4 Discussion

The results shown in Table 9.2 represent, to the best knowledge of the author, the
first demonstration of the simultaneous determination of intrinsic leaching rates from
a mineral mixture. These estimates were self-consistent with measurements made on
pure samples, and were performed with the minimum amount of experimental data
required to make such an estimate. The nonphysical results obtained using direct
inversion shows the care that must be taken to solve the system, and is the mathe-
matical manifestation of the physical challenges in separating the mixture. There is
no silver bullet to address this issue, its origins are in the structure of the linear inverse

problem, and a careful assessment of solution techniques will always be warranted.
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9.5 Conclusion

A practical, self-consistent, experimental method now exists for the extraction of
individual leaching rates from experimental data containing the effects of multiple
mixture components. While the bulk technique is not as flexible as the envisioned
microfluidic technique, requiring some ability to separate the mixture, the problem
of phase surface area assignment proved much more tractable for bulk systems. This
tractability is key to the utility of the technique, as the complexity of the problem
is shifted entirely to the measurement of directly observable geometric quantities.
The full array of materials characterization techniques are available to facilitate these
measurements, with greatly expands the opportunities for exploiting property differ-
ences to discriminate between phases. Color proved useful in the case of the nickel
compounds, as seen in Figure 8-2 as the oxide was a much darker green than the sili-
cate. Other techniques may be more useful for different systems, but by moving from
a sectioned sample to a bulk one, the array of available characterization techniques
is greatly expanded. While shape was found to be an unreliable in the microfluidic
case, as shown in Section 5.3.4, there is ample opportunity to find a reliable one once

the restriction of a microchannel is removed.
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Chapter 10

Mechanism Determination in Bulk

Powders

Many classes of minerals can leach species through multiple mechanisms. Broadly,
these can be grouped into framework dissolution, where the mineral specimen is
physically destroyed as the covalent framework of the crystal dissolves, and non-
destructive leaching, where ion exchange occurs between the leachant solution and
ionically-bound species in the framework|[111, 54, 119|. It is the presence of these
dual mechanisms that allows incongruent, non-stoichiometric, leaching behavior to
exist over long times. This complicates the task of quantifying elemental release
rates for multicomponent systems, as the leaching rates of different species from
a single solid component cannot be assumed to follow the solid stoichiometry. In
addition, in fertilizer applications, there are differences in the expected long-term
behavior of systems undergoing each mechanism. For example, aluminum is the
most common metal element in Earth’s crust[110], and is toxic to many plants[144].
Fertilizer materials made using aluminum-containing minerals, such as feldspars, must
therefore effectively sequester their aluminum content and prevent it from entering
the soil. Having the ability to distinguish between framework release of aluminum and
non-destructive leaching of aluminum, at the lab scale, provides key insights towards
designing better pathways for fertilizer production from minerals. In the case of non-

destructive leaching of aluminum, a rinsing or soaking step may be able to correct the
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issue, but framework dissolution may require a more significant change to processing
to alter the product chemistry. Any direct evidence of nutrient release mechanism
that can be gathered at the same time as determining the leaching rates is therefore

very valuable.

10.1 Framework Dissolution

As mentioned above, framework dissolution involves the loss of particle volume through
the chemical destruction of the crystal lattice comprising the particle. In many min-
erals this framework is composed of silicate tetrahedra, or both silicate and aluminate
tetrahedra, and so has some covalent character to the bonding[129]. Smaller species,
such as alkali metal ions in the case of some feldspars, occupy voids in the silicate
or aluminosilicate framework and serve to balance the charge of the lattice. Under
leaching conditions, these species are able to substitute with charged species from the
solution, such as protons or other metal ions, leading to the release of the original
species from the surface, while maintaining the framework. Nutrient release via this
mechanism should cause essentially no change in the volume of the leached particles.
In contrast, nutrient release via destruction of the framework should be easily visible
in the particle size distribution due to the destruction of particle volume. Equations
governing the change of a PSD over time under conditions of framework dissolution
were derived in Section 6.4, and results of applying this model to mineral systems are

given in the following section.

10.1.1 Feldspar powder results

Mixtures of the feldspar powders MCA41 and FSB02 were leached with pH 1 nitric
acid for 60 minutes at a flowrate of 15%2 in the apparatus shown in Figure 6-1. The
PSDs of the mixtures pre- and post-leaching were recorded, and the change due to
leaching compared to that predicted by Eqs. 6.16 and 6.17 to check for evidence of
framework dissolution. The results of this comparison are given in Figure 10-1.

Strong agreement is shown between the measured and predicted post-reaction
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Figure 10-1: Comparison of the measured and predicted post-leaching PSD of a

mixture of 75 wt% MCA41 and 25wt% FSB02. The pre-leaching PSD is included for
reference

PSDs. The framework dissolution rate, as determined by the distribution method of
Eq. 6.16 was 1.04 + —.14 * 10*10’;—?, which agrees well the literature rate of feldspar
dissolution at 1.8 * 10719[9] for these conditions. Given the very strong agreement
across the entire distribution between the measured and modeled values, framework
dissolution can be confidently stated to be the method of nutrient release in this
mixed feldspar powder system. Furthermore, the rates of dissolution are similar for

both constituents, as only one rate value was needed to produce this close agreement.

10.1.2 Nickel compound results

Separate samples of nickel oxide and nickel silicate were leached in the apparatus
show in Figure 6-1 for thirty minutes at a flow rate of 15 mllln The leachant solutions
were pH 11 sodium hydroxide for the oxide, and pH 2 nitric acid for the silicate.

Figure 10-2 gives the comparison between the pre- and post-reaction PSDs and the

prediction of the model described in Section 6.4.
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Figure 10-2: Comparison of the measured and predicted post-leaching PSD of nickel
oxide (left, pH 11, 30-minutes) and nickel silicate (right, pH 2, 30-minutes). The
pre-leaching PSD of each is included for reference

Nickel oxide shows strong agreement between the measured and predicted post-

leaching PSDs. While the change in the PSD due to leaching is small, given the

gNi

’~%), a measurable difference in the PSD pre- and

slow rate of leaching (4.5 % 1077
post-leaching exists. The sum of squared error (SSE) between the predicted PSD
and measured post-leaching PSD is less than half (2.9 x 107°) that exists between the
pre-reaction and post-reaction PSDs (6.4 * 1075). The error is most prevalent at the
main peak, which has a modest over-estimate, and at small end of the domain, where
the presence of smaller particles is underestimated. These errors are likely correlated;
predicting the total extinction of the smallest particles forces the volume fraction of
other particles to increase, in order to maintain the sum of the distribution at unity:.
The prediction for both the oxide and silicate maintains the general shape of the
pre-reaction PSDs, including the multiple peaks present in the silicate distribution.
However, the measured post-reaction PSDs show deeper transformations, with the

multiple peaks of the silicate merging at the larger particle sizes. This is behavior is

not unexpected, the model of Section 6.4 cannot account for changes of shape during
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leaching, or creation of new particles, such as if a thin region of a larger particle
is fully leached away and two smaller particles result. It also implicitly assumes
that the pre-reaction PSDs are discontinuous, and as such it will always preserve
independent peaks and other features until it predicts they would be completely
dissolved. Examining the prediction error, shown in Figure 10-3, provides further

support for this interpretation of the results.
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Figure 10-3: Comparison of the error magnitude between the post-reaction PSD of
nickel oxide (pH 11, 30-minutes) and the pre-reaction PSD and modeled post-reaction
PSD.

The shape of the curve describing the magnitude of error between the predicted
post-reaction PSD and measured post-reaction PSD is incredibly similar to the curve
describing the error between the pre-reaction and post-reaction PSDs for nickel ox-
ide. This suggests that the pre-reaction PSD and predicted PSD have significantly
similar shapes, and that the prediction is more appropriately scaled to match the
post-reaction PSD. These properties originate from the modelling procedure, which

is fundamentally a horizontal shift and rescaling of the original PSD.
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10.2 Discussion

Modeling the change of a PSD under reactive conditions is a complex problem. The
results given in this chapter for the procedure developed in section 6.4, show strong
agreement in cases where dissolution is slow, and the pre-reaction PSDs have a limited
number of independent peaks. Prediction in the case of nickel silicate, which has a
multimodal PSD and dissolves orders of magnitude faster than nickel oxide, was poor.
A key difference between the oxide and silicate, besides the dissolution rate, is particle
shape. The silicate powder was prepared by ball-milling a larger powder, and this
process created a non-uniform assortment of complex shapes. Given the merging of
peaks seen across leaching, it appears that the dissolution process caused the splitting
of some of the larger particles into multiple smaller ones. This helps to explain both
the underrepresentation of larger particles in the measured PSD compared to the
model, and the overrepresentation of smaller particles. The leaching of the feldspar
powder mixture and nickel oxide did not display this behavior to a significant degree,
likely due to both their simpler shapes and slower dissolution rates.

Given these results, certain limitations of the model become clear. Leaching times
should be kept short enough that the splitting of larger particles does not become
very prevalent. In addition, multimodal distributions will pose difficulties in resolving
their post-reaction peaks. Lastly, there appears to be a systematic undercounting of
the smallest particles, up to at worst a few microns in size. Depending on the values
of the original distribution in this size regime, this limitation may be more or less

hindering.

10.3 Conclusions

The model of Section 6.4 provides a second line of evidence for kinetic studies of bulk
powders. Framework dissolution can be effectively identified when present, subject
to certain limitations given the model’s foundation. There exists a clear avenue for

future work to incorporate the effects of distribution continuity, which will likely help
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the model capture the merging of previously separate peaks at larger size ranges. The
simplest procedure for this would be to simply join the mid points of the histogram
bins with lines, rather than modeling the discontinuities at the bin edges. Care would
have to be taken to ensure the distribution remains properly normalized, and any
procedure to make the data continuous will be subject to some distortion. There may
exist different best practices to perform this continuum transformation depending on
the features of the distribution in question, even while it seems unlikely that any
single method will be optimal for all cases. In the absence of continuous data, the
discrete transformation provides strong agreement for feldspar powders, of the kind
which comprise a large portion of earth’s crust, and as such is likely sufficient for many

of the common mineral components to be encountered in agricultural applications.
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Chapter 11

Conclusions and Future Work

The goal of this project was to develop a practical experimental tool for the ki-
netic analysis of leaching reactions in multicomponent solid systems. That goal was
achieved, although not in the manner that was initially proposed. The bulk method
for multicomponent analysis developed in this project is significant, it represents
the first rigorous and complete extension of traditional bulk leaching techniques to
multicomponent systems. Experimentally, the entire suite of characterization tech-
niques from materials science is available to solve the identity problem, creating a
very robust analytical technique. However, the microfluidic leaching techniques pro-
vide many experimental advantages that make their extension to multicomponent
systems attractive, and these advantages remain despite the failure of this work to

find a path to effect that extension.

11.1 Microfluidics as a tool for kinetic analysis

The lack of a diffusive mechanism in solid mixtures predisposes them to spatial gra-
dients in physical and chemical properties. This is the origin of sampling bias, which
afflicts many measurements of solid properties and against which many specialized
experimental procedures have been devised|89]. Microfluidic leaching harnesses this
disruptive force to allow the design of independent leaching experiments and en-

able the calculation of intrinsic leaching rates without separating the parent mixture.
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Nearly any solid system, for which the constituent particles can fit in a microchannel,
can be analyzed in this manner. Only two constraints dictate the applicability of the
method: that the mixture phases be impermeable in sectioned form, and that some

metric exists with which to distinguish between them.

This second constraint is the more limiting. It was found that sectioning a sample
substantially weakens the link between observed shape and identity, which reduces
the utility of light and electron microscopy in discriminating phases. Shape factors, as
metrics of particle shape, were therefore found to be unusable for the task of classifying
features in the microfluidic channels. This is in contrast to their use in histology, where
cell types can be accurately distinguished based on these metrics[94, 114, 138|. The
difference is that a cell is a complete entity, where the objects seen the channel are

sections of a larger whole.

Beyond shape, microscopy techniques allow easy access to topological features.
Convolution neural networks provide a general way to combine these features with
any relevant shape metrics and other visually accessible information available from
microscopy. However, even these black-box models were found inadequate for the
task of classifying mineral phases from a mixture. Of course, it cannot be stated
that such an approach would never work, but within the size of the training dataset
that could be produced, no example of effective phase segregation was found. If
a large amount of training data is available then perhaps machine learning could be
successfully applied, however reliance on such techniques to solve the identity problem
in microfluidic systems prevents the use of these techniques for novel materials, where
no such training data can exist. Future researchers in the pursuit of an extension of
the technique to multicomponent systems, would be better served by focusing on any
unique aspects of the system that may enable effective segregation - as was done in
the bulk case with color.

Elemental analysis is an ostensibly general technique for phase identification, and
has some commercial applications towards this end|[64], however it was not found
to be suitable for the hydrothermal material studied here. The heterogeneous size

ranges present in the material, 100 um feldspar features with single-micron-sized
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CASH phases limited the use-fullness of EDS, as many of the smaller phases simply
couldn’t be sampled. With a monodisperse mixture, EDS may be more useful for
phase classification. For mineral systems in particular, the similarities of the phase
chemistries will always present a challenge. The wide range of substitutions available
to many classes of minerals, and in particular calcium silicates[125, 142, 17|, creates
a moving target for the production of a composition metric to separate these phases.
The time investment required for gathering composition data may be prohibitive for
systems of many components, due to the number of experiments required. Further,
any identification scheme must be developed in consideration of the number of phases

it is tasked with distinguishing, and the number of experiments required to effect this.

Opportunities exist for shifting the difficulty of phase classification to other regions
of the experimental procedure. By shortening the microfluidic channel, the total area
requiring classification is reduced. In the extreme limit, it could be shortened enough
to allow for manual identification of all phases present. This reduction comes at the
cost of decreasing the total area of interaction between the fluid and solid, thereby
lowering the outlet concentration. Practical limits are quickly reached regarding the
minimum concentration amenable to analysis and the minimum sample volume that
may be analyzed, and these give a firm lower bound on the area of the channel for a
system of certain reactivity. A compromise between shortening the channel to allow
for manual identification, and the difficulties in establishing automated classification
metrics may be possible. If a representative area of the channel could be manually
classified, then statistics could be used to predict the composition of the rest of the
channel to within some error. It may be easier, for certain systems, to perform more
experiments to reduce the effect of this error on the leaching rate estimates, than it is
to develop a rigorous automated classification procedure for a longer channel. Such
stochastic methods obviously rely on the ability of a human to reliably discriminate
between phases, and it is implicitly assumed that the minerals are randomly dis-
tributed in the channel, which may not be the case for systems with strong chemical

coupling.
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11.2 Kinetic analysis in bulk powder systems

By avoiding the sectioning of the mixture particles, the bulk technique maintains any
extant connection between particle size, particle shape, and particle identity. If the
particle size distribution of a mixture can be accurately described by a linear combina-
tion of the particle size distribution of its components, then the identity distribution
- the volume fraction of each component present at each nominal particle size - can
be defined. This allows the accurate determination of the volume of each mixture
constituent present in different size regimes, and this information is required in the
intelligent design of experiments as, unlike in the microfluidic case, the mixture must
be physically separated to enable independent experiments to be performed. The
need for some degree of separation is an inherent weakness of the bulk technique,
as is its reliance on describing mixture constituents are semi-regular and imperme-
able shapes. Under such conditions, the complex problem of chemical analysis of a
multicomponent system is reduced to the estimation of directly observable geometric
parameters. While still a challenging task, especially for mixtures with larger num-
bers of components, Highly amorphous systems, such as the hydrothermal material
analyzed using the microfluidic technique, are poor test systems for this technique,
as the mixture constituents do not exist entirely as separate entities. These extra
constraints, that some separation ability exists and that particles are distinct and
impermeable, are not crippling, and the bulk technique developed in this work is still

applicable to broad classes of mineral mixtures and chemistries.

Extensions of the technique to handle softer materials and combined phases would
be helpful in expanding the range of mixtures which could be analyzed. Soft materials,
such as the silicon-rich gel phase encountered in the microfluidic leaching, pose a
challenge to quantitative analysis as they defy quantitative description. The size of
such features is difficult to define and their shape varies, two properties which make
a geometric approach to quantifying the rates less applicable. The weight fraction of
this phase could be used to report its prevalence, which would allow the calculation of

a specific leaching rate rather than an intrinsic rate, however this would mandate both
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a strong connection between the weight fraction and surface area, and the existence of
method to accurately measure its weight fraction in a mixture. For crystalline phases,
quantitative phase analysis (QPA) via x-ray diffraction can provide decent estimates
of mixture composition|7|, but it is less applicable to amorphous phases. Further,
there is no guarantee that the surface area-to-weight relation remains constant, or
nearly constant, between experiments. There is no obvious silver-bullet solution to
the problem of amorphous materials and this mirrors the complexities of the materials
themselves. Despite these difficulties, polymeric materials are very common in mineral
systems containing silicon|28] and these geopolymers have rich chemistries to explore.
Future work to extend the technique to these systems and unreliable geometries,
would greatly expand the range of applicability of the technique. Combined phases,
where individual mixture particles contain multiple mixture phases, pose another
challenge. Such conditions may be encountered if a mixture is milled, or if a chemical
transformation from one phase to another occurs incompletely. For this case, it may
be helpful to consider a combination of descriptors of geometric and compositional
information. If it is possible to distinguish the pure phases and combined phases in
the mixture, then the weight fraction may provide some utility in the calculation of
a correction to the phase volumes found using the methods described in this work.
If the materials retain crystallinity, then QPA or another method could be used to
calculate these weight fractions. This extension is only necessary if the combined
phases comprise a large portion of the chemical activity of the mixture, if they are
minor phases, or only a small portion of one or more of the major phases, then their
effect is to modestly average the leaching rates of several phases. Depending on the
accuracy desired, this shifting of the confidence intervals may not be sufficient to

warrant the extra experimental effort required to resolve it.

11.3 Conclusions

Single component systems are rare in nature, and therefore the study of natural

mineral and fertilizer systems necessarily encounters questions of the study of mul-
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ticomponent systems. While the accuracy of measurement techniques has increased
tremendously with technological progress, the difficulty in characterizing systems of
multiple components has remained unchanged. It is not the ability to make accu-
rate measurements of physical and chemical properties that frustrates the study of
mixtures, but the fundamental structure of such problems. This is made concrete in
the focus of this work on the identity problem, and developing solutions to it, for a
given system. Regardless of the chemical nature of the system or form factor chosen
for experimentation, some metric must be used to separate the contributions of the
components. The success of any technique rests on the robustness and scalability of
this metric. The microfluidic leaching technique, for all of its advantages, does not
permit a ready solution to the identity problem and therefore could not be extended
to the analysis of mixtures. Any future work must be directed towards closing this
ability gap. In contrast, the bulk technique permits a straightforward solution to the
identity problem for the case of a mixture of distinct particles. This enabled the rigor-
ous extension of bulk leaching to mixtures, and the first simultaneous determination
of leaching rates from experiments on mixtures. As the primary result of this work,
this represents a solid foundation for the further extension to other classes of solid

mixtures.
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Appendix A

Supplemental Derivations

A.1 Derivation of Functional Uncertainty

A function f(x) may be approximated as linear around the point p, through a Taylor-

series expansion:

) = £ + £ @) o — )+ Dy

If f is vector-valued function with a vector argument, this can be written as:

H ()|, (€ — pa)”
2

f(@) ~ fpe) + I (@) |p, (2 = pra) + + e (A.2)

where J and H are the Jacobian and Hessian matrices of f, respectively.

The variance of f is defined as:

Var(f) = B[(f(z) = f(1))?] (A.3)

Substituting the first-order Taylor expansion for f, and making use of the linear

nature of the expected value operator:

Var(f) = B[(f(e) + /(@) (& = pt2) = f(p1))’] (A.4)
Var(f) = E[f' (@) (¢ = z))?] (A.5)
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Var(f) = B|(f'(2)[}, (v — 12)?] (A.6)
The derivative term is a constant, and so can be moved outside the expectation:
Var(f) = (f'(x)[;, El(z — 12)?] (A7)

The quantity inside the expectation is the definition of the variance of x.

Var(f) =~ (f'(z)]? o2 (A.8)

Mz~ T

Likewise for the vector-valued function case:
DRSO RS (A.9)

Where 3. denotes the covariance matrix.
The use of a first-order Taylor expansion limits the applicability of this result to
cases where the variance of the function arguments is not so large as to make a line

a poor approximation to the function around the average values of the arguments.
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A.2 Generalized Maximum Entropy parameter esti-

mation

This section gives a brief overview of the GME parameter estimation technique as

described in Golan et. al.[47].

The general linear model (GLM) may be written as:
y=XB8+¢€ (A.10)

where y is the vector of T observations with noise, X is a T'x K design matrix
of known variables, and 3 is vector of K unknown parameters. € is an unobservable
vector of random errors commonly assumed to be centered around zero and have

finite variance.

Standard linear regression techniques estimate the values of 3 by minimizing some
measure of the error terms €. This works well in many instances, but can lead to over-
fitting when the number of parameters is similar to the number of data points, and
to unstable solutions when the independent variables are correlated. For the GME
solution, the GLM is reparameterized as the expected value of unknown probability

distributions for 8 and € over a defined support.

B=1Zp (A.11)
e=Vw (A.12)
y=XB8+e=XZp+Vw (A.13)

Z and V are the supports of the probability distributions for the parameters(p)
and error terms (W) respectively.

These supports define the acceptable range of values for the parameters and er-
rors. This gives an opportunity to bias parameter estimates with prior information,

for instance if the parameters are known to be non-negative, and to bound the error
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terms to experimental confidence. In general, the domain of the parameter distri-
butions should be wide and centered on zero, to avoid biasing the estimates if no
prior information is known. The support for the error can be set to encompass + /-
3 standard deviations of the data, or some other acceptable metric, to prevent the
model from overfitting noisy data.

The parameter estimates are produced by solving the following optimization prob-

lem:

maz(H(p,w)) = —p'ln(p) — w'ln(w) (A.14)

subject to

y=XZp+ Vw (A.15)

Z p= (A.16)
d w= (A.17)

where H(p,w) is the Shannon entropy[115] of the probability distributions p and

The point estimates of the parameters are then:

A

B=17p (A.18)

The objective of the technique is to maximize the entropy, the uniformity, of the
probability distributions of the parameters and error terms. The imposed constraints
mandate that the values of the parameters model is satisfied, and that the distribu-
tions satisfy the consistency requirement and add to unity.

The maximum entropy distribution in a general sense is a uniform distribution.
This means that, without the model constraining the values of the parameters, they
will tend towards the center of the defined support in Z. The overall entropy of the
parameter distributions will be reduced to sharpen the distribution towards a different

value, and this can be viewed as the transfer of information from the measurements
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in y to the parameters. A key advantage of this construction is that the parameters
will not over-fit data. if given realistic error bounds. The values of the parameters
will be only as certain as required to satisfy the model within the bounds of the
error, regardless of the number of data points provided. Collinearity affects this
procedure less than other parameter estimation techniques, because only the unique
explanatory power of a variable needs to be mapped to its parameter. If a variable
is highly correlated with another, then the first variable is really the explanatory
variable, and its parameter value will reflect the extent of this power. This property
is tremendously useful for non-experimental data; that is, data from measurements
where the independent variables can be observed, but not freely set, as is the case for

surface areas in solid mixtures.
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Appendix B

Figures

B.1 Continuum Model Comparison
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Figure B-1: The relative difference between the cross-section average and flow average

(mixing cup average) concentrations in the microchannel as a function of distance

from the last reactive surface.
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