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ABSTRACT

At the nanoscale, the relative number of these atoms at the surface of a particle
become comparable to, or even larger than the relative number within the volume of the
particle. The remarkable situation of these surface atoms — surrounded by fewer of
their relatives than the ones in the volume of the particle — may translate into novel
properties of the nanoparticle compared to its bulk counterpart. These novel properties
of nanomaterials, and the possibilities to engineer them for a vast and growing array of
specific applications, are what has been driving an increase in the manufacture and use
of these materials, as well as in their release in the environment. Outside of the settings
for which they were specifically designed, their surfaces may change, leading to
potential changes in toxicity but also in their affinity with other surfaces. It therefore
becomes difficult to predict how far an accidental spill may travel, which is an essential

component of the fate and transport models we need to regulate these unique materials.

The present research develops an improved aggregation model that accounts for
two types of particles and simulate the composition and size dependent homogeneous
and heterogeneous aggregations between these particles. The model is evaluated
analytically with simplified systems for which there exist closed-form solutions, and by

comparing simulation results to experimental data. Simple applications of the model are

v



performed as a sensitivity analysis, and show that the model can evaluate e.g. how the
nanoparticles affect an existing distribution of natural aggregates or how quickly the
nanoparticles will settle out of a given system, and confirm experimental observations
on the importance of nanoparticles in environmental systems. A final application
demonstrates the flexibility of the model by adapting it to the inactivation of
microorganisms by photosensitive nanoparticles, and suggests the model could help

understand complex mechanisms involving heterogeneous aggregation.
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CHAPTER 1 — INTRODUCTION

1.1. Impetus

The study of particles at the nano scale (i.e. with at least one characteristic
dimension of 100 nm or less) has shown that some materials exhibit novel and
interesting properties compared to their bulk counterpart at very small sizes. These
novel properties have enabled new products and technologies and therefore generated a
rapidly growing interest, which has inevitably translated into an increase of their
emissions in the environment. As with any other contaminant, the risk associated with
their release is the product of two quantities: the hazard is how dangerous the
contaminant is to humans, ecosystems, or both depending on the target of concern, and
the exposure is how likely that target is to get exposed to the contaminant. Another trait
engineered nanomaterials share with many other non-particulate contaminants is that
the unique properties they are designed for are might also be what causes them to be
toxic. While the adverse impacts of nanomaterials on human health and ecosystems are
still widely unknown [1-6], of possibly even greater concern is the fact that their

transport and fate, and therefore their exposure has yet to be fully evaluated.



1.2. Scope

For “conventional” contaminants, evaluating the potential exposure associated
with an accidental release in the environment has been successfully done with a number
of existing methods such as multimedia mass balance fate models. On the other hand,
nanoparticles behave very differently, in particular in aquatic matrices. As they are
transported by the fluid they may get enmeshed in a suspended fragment of natural
organic matter undergoing degradation, become part of a large buoyant floc, and travel
much farther than they would otherwise have. Or a shallower, more tumultuous river
section might increase the chances of collisions between flocs and between nanoparticles
and flocs while breaking the larger, more dendritic flocs into smaller ones, which would
then reorganize into compact clusters when the river become quiet again, settling down
faster. Or the chemical conditions of the environmental water might be such that the
nanoparticles destabilize immediately as they enter it, aggregate among themselves and
sediment out of the water column very near their entry point. Indeed, the mobility [7, 8]
of nanoparticles may vary widely due to their condition-dependent tendency to stick to
surfaces, be it that of another nanoparticle or of one of the multitudes of natural colloids
in the complex medium that constitute environmental waters. As a consequence, while
the mechanics driving the motion of the carrying fluid is well understood, a detailed

history of the physical and chemical conditions the nanoparticles encountered on their
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path from A to B is necessary to evaluate their hydrodynamic properties, and therefore
their behavior, in B. In addition, their small size and relatively small concentrations
make it very difficult to experimentally track nanoparticles in complex media. It is
therefore essential to specially design or adapt existing environmental fate models to

evaluate the exposure of nanomaterials in environmental fluid matrices.

Some of the ways to meet these challenges include the use of mathematical
models [9-13] which consider the properties of particles and the medium they are in to
predict how particles will aggregate, and how aggregation will affect their size,
transport, and settling. Most of the existing aggregation models focus on homogeneous
aggregation [10-12, 14], or simplify heterogeneous systems to effectively model them as
homogeneous [14], but being able to simulate the heterogeneous aggregation of
nanoparticles in complex environments has recently become an active topic of

investigation.



1.3. Hypotheses and Objectives

One premise of the present work is that the physical-chemical processes
controlling nanoparticle aggregation with abiotic or biotic “background” particles such
as bacteria, algae, macromolecules, and clays (heterogeneous aggregation) play a key
role in determining where nanoparticles go in the environment as well as their potential
for transformation and biouptake. The central hypothesis of this research is that
explicitly accounting for heterogeneous aggregation is essential to providing an accurate
description of the fate of nanoparticles in a complex aquatic system. More specifically

we will test the following hypotheses:

1) That a fully explicit heterogeneous aggregation model manages to accurately
integrate the evolution of simplified systems with known closed-form solutions, and
the evolution of experimental particle size distributions.

2) That the model can provide insights into the complex mechanisms of systems

involving heterogeneous aggregation.
To investigate these hypotheses, the following objectives have to be attained:

1) To develop a particle aggregation/settling model that considers different kinds of

particles, evaluate the hydrodynamic properties of aggregates as a function of their



size and composition, and therefore allows simulations of the behavior and fate of
nanoparticles in a solution of environmentally relevant water.

2) To evaluate the model, first with simplified known mathematical systems for which
there exist analytical solutions, then with experimental lab data, and finally with
environmental data (hypothesis 1).

3) To apply the model to a variety of relevant scenarios and present the breadth of uses

such a model could reveal helpful for (hypothesis 2).



CHAPTER 2 — THEORETICAL BACKGROUND

In simple terms, aggregation can be seen as individual objects moving, colliding,
and ultimately assembling into larger clusters. If there are only a handful of these objects
in a large volume, the chances of collisions are small and it will take a while before two
of them happen to run into each other and form a pair, and probably longer still before a
third one joins them, and so forth. As the number of objects initially present increases, so
too do the chances of two objects getting close enough to pair up, and by the time the
first triplet forms there may be numerous pairs present in the system. These three sizes
of clusters (singleton, pairs, and triplets), are created and lost at different rates: every
time one pair is created, two singletons disappear, and forming one triplet requires the
loss of one singleton and one pair. And of course, collision and attachment could also
occur between two pairs, a pair and a triplet, and so on. Evidently, while this simple
description aptly introduces the basic concepts of aggregation, its usefulness stops there.
Even at very low mass concentrations, small particles in suspension may reach high
number concentrations, and their aggregation rapidly generate a range of cluster sizes
too wide to be practical for a population balance. In addition, the properties of

aggregates may change as they grow larger, as a function of the conditions in which they



grow, and, of particular interest in this research, as a function of the nature of what they

aggregate with.

This chapter provides an overview and a description of the concepts and
equations necessary to understand the mechanisms of particle aggregation in an aquatic
system, to follow over time the aggregation-induced changes to particle size, and to
evaluate how these changes may affect the transport and reactivity of particles in that
system. The first section of this chapter introduces and details the aggregation kinetics
equation originally developed by von Smoluchowski [9] and which, a hundred years
later, serves as the foundation upon which the present work is built. The second section
highlights and discusses some of the existing efforts to forecast the transport and
exposure of nanoparticles in complex aquatic systems, including expansions of the
Smoluchowski equation to the aggregation of particles of different sizes, natures, and
properties. Finally, the last section of this chapter overviews some of the previous works
focusing on a direct application of heterogeneous aggregation: photochemical

sterilization.

2.1. Aggregation Kinetics

Aggregation is a two-step sequential process where two objects first collide

(transport step), then stick together to form a larger cluster (attachment step). The



transport step requires to understand how the objects are set in motion by thermal
agitation, mixing of the surrounding fluid, or as they succumb to gravity, how friction
generated by the surrounding fluid affects their movement, and how these notions
combine and ultimately translate into the objects moving towards one another. Then, if
the kinetic energy generated by these movements is sufficient to overcome the repulsive
energy barrier between the objects (combination of surface charges, adsorbed
macromolecules, and dissolved ions), they may attach. The same notions apply when
the two objects are individual particles suspended in a fluid, and the kinetics of the
overarching aggregation process is controlled by the rates at which, at a given time,
aggregates of any size in the system may collide and attach with aggregates of every

existing size at that time [15].

2.1.1. Kinetic Aggregation Equation

As particles in an initially monodisperse suspension start aggregating (which can

be described as aggregates of a single particle, or 1-aggregates), they pair up at the rate:

dN,
ar =11 11NN (2.1
Where N, is the number concentrations of single primary particles, f;, is the collision

frequency (or collision kernel) between two such particles, i.e. a measure of the transport

mechanisms leading to collisions between these two particles, and a; is the attachment



efficiency between two such particles, i.e. the percentage of those collisions leading to
attachments, or a measure of the affinity between two particles. Simultaneously the

creation rate of aggregates composed of two particles (2-aggregates) is:

dN 1
2= 1111 N1 Ny (2.2)

dt 2
Note the 1/2 factor: every time two 1-aggregates collide and attach, only one 2-
aggregate is formed, which makes complete sense when thinking in terms of second
order reaction rates. As these aggregates and particle attach, they generate larger
aggregates, and ultimately a distribution of aggregates of different sizes. The evolution
of this distribution over time is the result of pair-wise collisions and attachments
between aggregates of all sizes. In 1916, Marian Ritter von Smolan Smoluchowski
formalized — and a year later published — the mathematical bases describing the
kinetical aspects of the aggregation process and derived the following relationship
between the rate of change in the number of aggregates of a given size and the number

of aggregates of all sizes in the system [9]:

dnN, 1 -
I~ 3 Z @;;jPijN;N; — Ny Z ik Pir N; (2.3)

i+j-k i=1
where a;; is the attachment efficiency (assumed to be 1 in the original equation) and g;;

the collision frequency between a i- and a j-aggregate. The first discrete summation term

in Equation (223) describes the creation of k-aggregates from the collision and
9



attachment of smaller aggregates, while the second term corresponds to the loss of k-
aggregates as they grow larger when attaching to aggregates of any size. Integrating this
population balance over time allows to follow how an initial suspension of primary

particles gradually evolves into a distribution of aggregates of different sizes.

In practice, due to the small sizes (and therefore high number concentrations) of
the particles of interest in this study, these size distributions may span several orders of
magnitude, from the individual primary particle to macro-scale aggregates. Reducing
the computational strain of integrating such a system requires a binning scheme [10, 16-
18]: the quasi-continuous distribution of sizes is reduced to a smaller number of
contiguous bins — or size classes — each spreading over a given range of sizes and
describing all the aggregates falling within that bin by the nominal diameter of the
range. Chapter 3 describes in greater details the size binning used in our model. The
system of differential equations described by Equation (223) only undergoes a simple
notation change, but effectively becomes a much more manageable population balance

of size classes:
dnk 1 -
T E a;jBijniny — ny E Uik Bir N (2.4)

i+j-k =1

where n;, now represents the number concentration of aggregates in size class k (i.e.

10



described by a solid diameter dy), and a;; (resp. B;;) the attachment efficiency (resp.

collision frequency) between aggregates in size classes i and j.

2.1.2. Attachment Efficiency

The theory described by Equation (223) was first proposed by von
Smoluchowski [9] under the assumption that all colliding aggregates would attach (i.e.
a;; = 1). The development of the Derjaguin, Landau, Verwey, Overbeek (DLVO)
theory [19, 20] later provided a context for interpreting smaller attachment efficiency
values by combining the effects of short-range attractive van der Waals forces generated
by the interactions between permanent and/or induced dipoles in the molecules
constituting the aggregates, and repulsive electrostatic forces originating from the
surface charges of the aggregates and modulated by the accumulation of counter-ions on
these surfaces. In addition, the presence of macromolecules adsorbed onto the surfaces
of particles or aggregates may, by sheer steric hindrance, further prevent their

attachment [21, 22].

2.1.2.a. Van der Waals Attractive Forces

Van der Waals forces originate from the interactions between uncharged atoms
or molecules and were discovered as a result of the thesis research of Johannes Diderik

van der Waals on the reasons gases do not obey the pV = nRT perfect gas law [23]. They

11



are attractive, non-directional, and weaker than intramolecular forces such as covalent,
ionic, and metallic bonds, or even than hydrogen bonds, with interaction energies
varying with distance in z7¢. The van der Waals forces were later discovered to consist
in three kinds of interactions:
e Keesom orientation interaction between permanent dipoles [24-27],
e Debye polarization interaction between a permanent dipole and a dipole induced by
that permanent dipole in a neighboring atom/molecule [28],
¢ London dispersion interaction between the fluctuating dipole any atom or molecule
displays as the electron density of their electron cloud undergoes instantaneous
oscillations, and the synchronous dipole it induces in a neighboring

atom/molecule [29-31].

London interactions have an extra dependency on distance: due to the finite
velocity of light, it takes time for the electric pulse generated by a fluctuating dipole to
travel to a neighboring molecule, induce a dipole in it, and for the induced pulse to
travel back. If the distance of that round-trip is sufficiently short, the response makes it
back before the fluctuating dipole has had time to change, the coupling between these
two dipoles remains optimal, the interaction energy unaffected. However, at longer

distances the response may come back to a dipole that has already change, resulting in a

12



poorer coupling and a weaker attraction. This phenomenon of retardation screening

translates into an interaction energy varying with distance in z~7 at long distances.

By contrast with Keesom and Debye forces, London dispersion forces do not
require the presence of a permanent dipole (or multipole) and therefore exist between
any two neighboring atoms, molecules, or, using the theory Hamaker later

introduced [32], macroscopic objects such as nanoparticles.

Following the works of Bradley [33], Derjaguin [34], and de Boer [35], Hamaker
used the pairwise summation approximation to investigate London - van der Waals
interactions between large bodies [32, 36]. This approximation considers that each atom
or molecule in one body interacts independently with each atom or molecule in the
other bodyj, i.e. as if, for each interaction, the interacting atoms/molecules were isolated.
This allows to integrate the van der Waals energies over the volumes of both objects,
which Hamaker did for a number of geometries [32]. For two spheres in a vacuum, he
obtained the following expression for the interaction energy, i.e. the electrodynamic

work to bring the spheres from an infinite separation to a finite distance x:

Aip 2rR 2rR x% + 2rx + 2Rx
(plz (x) = - + Ln (2. 5)

+
x2 4+ 2rx + 2Rx  x%+ 2rx + 2Rx + 4rR

6 X%+ 2rx + 2Rx + 4rR
or
Ai, 2rR 2rR z2 — (r + R)?
(e =—— L 2.6
(@) === <z2—(r+R)2+z2—(r—R)2+ "<z2—(r—R)2 (2.6)

with r and R the spheres radii, x the distance between the spheres surfaces, z the
13



distance between the spheres centers, and A, the Hamaker coefficient describing how
the transient polarizations of the materials react to each other. When one only considers
short distances, or neglect the finite velocity of light, this Hamaker coefficient does not
depend on the distance between the interacting objects, only on the dielectric

permittivities of their constituting materials [37-39]:

3 & — &)\ (&2 — &
Ay = kT (22) (22) 2.7
127478 &+ &9/ \&y + & 2.7

with g, and &, the dielectric permittivities of materials constituting the two objects, and
& the vacuum permittivity (g, = 8.85x107*2 F.m™1). When the objects interact in a
medium, the Hamaker coefficient Ay, /5, between material 1 and material 2 across
medium m can be evaluated by replacing &, with &, in Equation (227), or by applying
the pairwise summation approximation:
Aimiom = A12 + A — (Aim — Az2m) (2.8)

Equation (228) typically yields Hamaker constants across water at 25 °C ranging

from 1 kT (~4x10721 ], e.g. between silicon dioxide surfaces [40]) to 100 kzT

(~400%x10721 J, e.g. between copper, gold, or silver surfaces [41]).

At very short distances (x < r,R), Equation (225) simplifies to:

A TR

6 (r+R)x (2.9)

D1p(x) = —

suggesting a much longer range of the van der Waals interactions between whole bodies
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than expected from their individual intermolecular expressions. Note that the energy
profiles are sensitive to the geometry of the interacting bodies, and that the equations
used and developed throughout this research are based on the assumption of interacting

spheres.

2.1.2.b. Electrostatic Repulsive Forces

Electrostatic forces originate from the presence of charges at the surface of an
object. Such a surface charge may come from the presence of defects or substitutions in
the lattice structure of the material, from the adsorption of ions, or from the ionization of
functional groups on that surface. To respect electro neutrality, such a charged interface
in solution will repel ions of the same charge (co-ions) and draw ions of the opposite
charge (counter-ions), leading to an imbalance of ion concentrations near the surface,

while the bulk of the solution remains homogeneous.

The original Helmholtz model assumed the counter-ions would accumulate as a
monolayer very close to the surface charge layer [42], hence coining the phrase electrical
double layer. This assumption suggests that the electric potential drop from ), at the
charged surface to 1 = 0 immediately past the monolayer of counter-ions. Gouy [43, 44]
and Chapman [45] later proposed a diffuse model instead, where the high accumulation

of counter-ions and depletion of co-ions near a charged surface gradually return to their
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bulk concentrations as the distance from the surface increases. Considering a diffuse
double layer from an infinite flat surface, the electric potential (x) satisfies Poisson’s
equation [46]:

62
all;(zx) = —%Z Zini(X) (2 10)

4

where ¢, is the elementary charge, n;(x) the number concentration of ionic species i at a
distance x from the surface, and z; its valence. Considering that, at equilibrium, electric
forces are balances by diffusional forces yields the Boltzmann equation [47] describing

the distribution of each species in the electric field:

n;(x) = n;” exp <—Zi qell)(x)> (2.11)
kgT
Equation (2211) substitute into Equation (2210) to yield the Poisson-Boltzmann
equation in terms of the electric potential alone:
%P (x) q qep(x)
= _fzzmg exp [ 2 —ekBT (2.12)
l

For a relatively low potential such that |z;y| < kzT/q, = 25 mV (Debye-Hiickel
approximation [48]), the exponential in Equation (2212) gets audaciously supplanted by

its first-order Taylor series expansion, and the summation term yields:

Zzin? exp <—Zi Z;b,) ~ z zZn® (1 -z ZZI;},) = Z zZn® — z Ziznf“’z;—];b, (2.13)
' i i

i L

The first summation term on the right-hand side of Equation (2213) readily disappears
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due to the electroneutrality of the bulk solution (i.e. }; z;n;° = 0), and Equation (2212)

becomes:

0*Y(x) =< a2

0x? ekg

TZzEné”)w(x) = k%P(x) (2.14)

which, given that the electric field must remain bounded, integrates to:

P(x) = poexp(—kx) (2.15)

with k™! the Debye length [48] (or Debye-Hiickel length, sometimes termed “screening
length”), a characteristic of the electrolyte solution and an estimate of the range of the
electrostatic effects of a charged surface in that solution. In other words, the electric field
and its effects (on ionic species in solution or on other charged surfaces in suspension)

becomes negligible a few k! away from the surface.

When converting the bulk number concentrations n? of the ionic species into
their bulk molar concentrations C;° = n;°/N,, the Debye length can be expressed as a

function of the ionic strength of the solution I = %Z z2CP:

1
ekgT \2 1
k1= — 2.16

<2NAq§> Vi (2.16)

Equation (2216) indicates that an increase of the ionic strength reduces the Debye
length, “compresses” the diffuse double layer around charged surfaces, providing a

stronger screening of charged surfaces. This results in a lower repulsive barrier for
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particles of the same charge to get close to each other. Also note that ions of higher
valence are more effective shields at the same concentration, as evidenced when

expressing the ionic strength for a z: z electrolyte.

Note that if the potential is not low enough to apply the Debye-Hiickel approximation,

Equation (2212) integrates as:

tanh <%B(Tx)> = tanh (%) exp (—kx) (2.17)

Finally, the Stern model [49] combines the earlier described Helmholtz
monolayer model with this Gouy-Chapman theory. It consists in dividing the charge
distribution in the fluid near a charged surface into two parts. First a compact layer of
ions adsorbed onto the charged surface according to a Langmuir adsorption
isotherm [50-52], and modeled as a monolayer of ions (coined the Stern layer) with their
centers all sitting at a short distance § from the surface. Then a diffuse layer following
the Gouy-Chapman model. The electrostatic potential therefore drops linearly from its
value at the charged surface to ;s at the Stern plane, and follows Equation (2217) (or
Equation (2215) within the framework of the Debye-Hiickel approximation) beyond the

Stern plane, with an origin at § and with s replacing .

Evaluating the interaction energy between two charged objects first requires to

quantitatively describe the repulsive forces exerted on their surfaces as they are in one
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another electrostatic potential. In the case of two charged flat plates in a z: z electrolyte,
the force per surface area exerted on each plate can be described as the excess osmotic

pressure at the mid-plane between the plates:

Fours(x) = <n+ (;) +n_ (g)) kgT — 2n®kgT (2.18)

which, using Equation (2211), rewrites as:

d X
Fsurf(x) =n"kgT | exp —z&(z_) + exp qu;/) ’(I?)
B

-2 2.1
kgT (2.19)

Several simplifications can be derived from the assumption that the plates are
sufficiently distant from one another:

e The potential at the mid-plane can be approximated by the sum of the potentials
from each isolated plate at x/2, Y(x/2) = 2y;s01ateqa (x/2) With Pi501ateq given by
Equation (2215);

e This isolated potential at the mid-plane is small enough that the left-hand side of
Equation (2217) can be linearized to its first order Taylor series expansion,
providing an explicit expression for Ysoiatea (X/2);

e Finally, the two exponentials in (2219) can be approximated by their second-order

Taylor series expansions.

Combining these simplifications yields:
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2
Fourp(x) = 64n®kpT tanh (ﬂ) exp (—kx) (2.20)
4k T

Finally, the interaction energy between the two plates is calculated as the

electrodynamic work to bring each plate from an infinite separation to a finite distance

/2 from the mid-plane by integrating Equation (2220):

64n®kgT
n B tanh(Qezwé‘

2
4kBT> exp(—Kx) (2.21)

x/2
Pp(x) = _Zf Fsurf()()d)( =

Of more relevance to the present research is the repulsive interaction energy
between two spheres. Derjaguin [34] proposed to slice the spheres into circular layers,
modeling the interaction between two spheres as one between two parallel stacks of
annular disks. Under the assumption that the distance between the spheres is small
compared to their curvature radii [53], the interaction energy between two charged

spheres becomes:

128nn®kgT / TR qoZPs\ >
dp(x) = - (r n R) tanh(4kBT> exp(—kx) (2.22)

2.1.2.c. DLVO Theory of Colloidal Stability

The interplay between London-van der Waals attraction and electrostatic
repulsion forms the crux of the DLVO theory [19, 20]. The stability of a suspension is
evaluated given by the net energy of interaction between two spherical particles of

radius 1, i.e. the sum of the electrostatic and of the van der Waals interaction energies:
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Alm/lmt
12

Dror = Pp + P4 =

64N kT
2R B o tanh (qezw,s (2.23)

2
K2 4kBT) exp(—xx)
At long distances, the exp(—x) term in Equation (2223) decreases faster than x 7%, the

spheres only undergo the attractive energy from the London-van der Waals forces. Very

1

close to the surface, exp(—x) is bounded while x ™" is not, attraction largely dominates,

L at first,

attachment is inevitable. As distance increases, exp(—x) decays slower than x~
but while a small Ax always reduces by the same factor, it decreases x~! at an
increasingly slower pace. As a result, the relative importance of repulsive forces can only
dominate at intermediate distances if the conditions are favorable to stabilization (e.g.
high surface potential, or long Debye length to increase the range of repulsive forces). In
such conditions, the net interaction energy profile presents two negative minima
separated by a positive maximum (Figure 2.1). As the separation distance between two
particles decreases from infinity, they may first encounter a shallow secondary
minimum. In that energy minimum, the particles are only loosely attached, stirring or
even just an increase in thermal agitation may disrupt them back in the bulk solution.
The positive maximum is the energy barrier (or activation energy) the particles have to
overcome to approach further and attach. The more kinetic energy they acquire, the
better the chances particles will be able to cross higher energy barriers. For small

particles in quiescent systems this energy only comes from Brownian diffusion [54],

while larger particles in stirred systems may acquire substantially more energy from the
21



gravity and velocity fields. For an energy barrier lower than a few kzT the particles
approach unhindered and all collisions lead to an attachment [55] while, as the
activation energy increases, more and more collisions bounce back in suspension. This
ratio of the number of collisions resulting in an attachment to the total number of
collisions is the attachment efficiency, a. The lower the activation energy, the closest
gets to 1. Finally, at the primary minimum, very close to the surface, the particles
experience van der Waals attractive forces and are strongly attached. Separating
attached particles is still possible, but it requires considerably more energy than at the

secondary minimum (e.g. ultrasonic agitation).
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Figure 2.1: Interaction energies as a function of surface potential for two 100 nm
diameter charged spheres with a 20kzT Hamaker constant and a 0.01 M ionic strength in
an aqueous solution with monovalent ions.

Figure 2.1 shows the influence of surface potential on the net interaction energy
for two charged spheres in an electrolyte. At low potential (here 30 mV), the repulsion
forces do not oppose the spheres from approaching: particles attach as they collide, the
transport mechanism to ensure these collisions are what limits the aggregation. As the
surface potential increases, a positive activation energy emerges, particles have to
overcome this barrier to get close enough for attraction to dominate, and some may not
have enough energy to do so. At high enough potentials (or surface charges), the
chances particles have to cross this activation energy threshold become anecdotal, the
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suspension is stable. Modifying the solution chemistry (e.g. pH, redox potential) allows

altering the surface charge of particles in a suspension, and therefore controlling its

stability.
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Figure 2.2: Interaction energies as a function of ionic strength for two 100 nm diameter
charged spheres with a 20kzT Hamaker constant and a 50 mV surface potential in an

aqueous solution with monovalent ions.

Similarly, Figure 2.2 shows the influence of ionic strength, and therefore of
Debye length, on the net energy between the same two charged spheres. At low ionic
strength (I = 0.01 M), the Debye length extends far from the surface of each sphere, the
spheres experience the electrostatic repulsion at a distance such that the attractive forces

do not overpower them. As ionic strength increases, the diffuse double layers on each
24



sphere gets compressed, allowing the spheres to approach closer before the repulsive
forces can play a significant role. Further increasing the ionic strength can compress the
double layer so much that by the time the spheres experience one another’s repulsive
electrostatic field they are so close that the inverse-distance attractive potential
dominates the net interaction energy. The attachment efficiency is equal to 1,
aggregation is only limited by transport processes, the suspension is destabilized. The
electrolyte concentration at which the activation energy reaches 0 is the critical

coagulation concentration (ccc).

Note that the evolution with ionic strength showed in Figure 2.2 only accounts
for changes in ionic strength due to the concentration of electrolytes in the bulk solution.
Changing the ionic strength by altering the valence of the ions in solution will still
modify elongate/shorten the Debye length and alter the electrostatic interaction energy
accordingly, but to a different extent. Combining Equation (2222) for identical spheres

in a z: z electrolyte and the expression of k from Equation (2214) yields:

32mre(kpT)? qeziPs\’ 2q2 Ain T
(o) = t h( ) — /n® —__-m_
tot (%) 222 k) TP\ T ek, Y T2 %

K zn® Ks
=_zexp|( - 5 x| ——

(2.24)

Increasing the electrolyte concentration therefore only increases the constant rate of the

exponential decay (i.e. decreases the Debye length), while the valence not only has a
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stronger effect on k but also decreases the amplitude of the repulsion interaction energy.
Schulze [56-58] and Hardy [59-61] established the relationship between the ccc of a z: z
electrolyte and the valence of its ions. At the critical concentration n¢’, both the potential

and it’s derivative with respect to x are 0. Using Equation (2224):

K, (z zyng K. z/ng K.
d)totzﬁexp(——cx)—fzo c}xexp(— Cx) 342

72 K, K, - K, (2) z (2.25)
| dPeot K (z2){/n& zng K z\ng K3K, '
= - eXp| ———X |+ —5 S xexp|— xX)= z
k dx ZKZ KZ X Kz Kl(z)x /ngo
Equating the right-hand sides of Equation (2225) yields:
K; 1
x=—2_== (2.26)
zng K

Indicating that the distance from the stern layer at which the activation energy

disappears at the ccc is the Debye length. Substituting (2226) back into (2225), it comes:

K>

A ne

For surface potentials such that |zys| > 100 mV, tanh(q.zys/4kgT) =~ 1 and K; does not

2
exp(—1) = 252 oo_(Kl(zm) 1

= — 2.27
K, (2) e e Kse 76 ( )

vary with z. Equation (2227) therefore becomes n, « z~¢, a proportionality
relationship between the critical coagulation concentration of an electrolyte and the
valence of its counter-ion known as the Schulze-Hardy rule. Ostwald later extended the
Schulze-Hardy rule to asymmetric electrolytes [62, 63] to ng® « z7¢/(1 + z_/z,) with z,

and z_ the valence of the counter- and co-ions, respectively.

26



2.1.2.d. Steric Stabilization

The energy profiles generated by attractive van der Waals forces and repulsive
electrostatic forces all assume clean surfaces. In reality however, macromolecules may
adsorb onto particle surfaces, whether in environmental systems with natural organic
matter [64-68] or in engineered systems with surfactants [22, 66, 69]. In such situations,
usually the sheer volume of these macromolecules hinders the particles approaching one
another, mechanically preventing them from crossing the electrostatic energy barrier,
and therefore reducing the attachment efficiency between particles [21]. Unlike with
surface potential or ionic strength changes, the DLVO theory presented in Section 2.1.2.c
does not allow to describe the stabilization of a suspension via steric mechanisms.
Extensions to the classical DLVO theory have been developed [21, 22, 68, 70], but these
interactions, along with other such non-DLVO forces, were not considered in the present

research.

2.1.3. Collision Frequencies

The “transport step” evoked in Section 2.1 is entirely contained in the f;; terms
from Equation (224). These collision frequencies derive from three different physical
mechanisms illustrated in Figure 2.3: Brownian diffusion, stirring of the surrounding

fluid, and differential settling. Three common strategies (schematized in Figure 2.4) have
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traditionally been adopted to compute the collision frequencies f;; in aggregation
models [12, 71, 72], and the rectilinear framework chosen by van Smoluchowski in his
original formulation [9] serves as the basis for the curvilinear and fractal porous models
that came later on. In this rectilinear framework, the flow is considered as being
unaffected by particles, i.e. the flow lines remain parallel straight lines around solid

objects.

ALY T o
o2

A 4

v

0\_ —
oo, — R
U Ll
Brownian Velocity Gradients Differential
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Figure 2.3: Collision mechanisms. (Figure from Aziz [73]).
Rectilinear Model Curvilinear Model Intermediate Model
Smoluchowski (1992) Han et al. (1992) Veerapaneni et al. (1997)

Figure 2.4: Common approximations used to compute collision frequencies. (Figure
from Aziz [73]).
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Brownian motion! refers to the irregular movements of particles in a fluid. The
phenomenon was first formally observed by Ingen-Housz [74, 75] in 1784, first analyzed
by [76] in 1828, but did not get explained until the beginning of the 20t century by
Einstein [77, 78], Sutherland [79], von Smoluchowski [80], and Langevin [81]. These
original works considered Brownian motion as a stochastic process, and derived
probabilistic equations describing it: A particle in suspension constantly undergoes
elastic impacts from the vast number of quasi-randomly moving fluid molecules
surrounding it. At the scale of the particle, these collisions translate into short bursts of
random movement which can lead to collisions. The resulting expression of collision

frequencies within the rectilinear hypothesis is:

2kgT
3 tw

B (11y) =

1 1
<E+7j> (i +17) (2.28)
with p,, the dynamic viscosity of the fluid, and 7;, 7; the radii of the colliding objects.

In a stirred system?, the particles are set in motion by the velocity of the fluid. In
the case of laminar flows with uniform, constant shear considered by von Smoluchowski

in his original research [9] parallel layers of fluid slide past each other without

1 Aggregation dominated by Brownian diffusion is also called perikinetic flocculation.
2 Aggregation dominated by fluid shear is also called orthokinetic flocculation.
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disruption, and the constant velocity gradient G = dU/0z describes the difference in

velocity from one layer to the next. Consequently, if two particles are on different layers
of fluid they will move at different velocities, and if the center of the slower particle is in
the circular area of radius r; + 77 swept by the faster one, collision will occur as shown in

Figure 2.5. In the framework of the rectilinear approximation, this integrates to:

4 3
S ) =5+ )6 (2.29)

)

Figure 2.5: Particles in a uniform shear flow. The relative velocity of the particle of
radius r; (particle i) with respect to that of the reference particle j increases the further
particle i is from the fluid layer of particle j. Within the rectilinear approximation,
collision will occur if R;; < 1; + ;. (Figure from Ives [82])
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In the cases where the flow shear is non-uniform (e.g. Poiseuille laminar flow in a pipe),
Camp and Stein [83] evaluated that, for a Newtonian fluid, Equation (2229) was still

correct when using the root-mean-square velocity gradient:

4 3- 4 3| P
St o) =5 (n+7) G =50 +n) /uw_V (2.30)

with P the power dissipated — calculated either in terms of applied torque and angular
velocity of a paddle mixer, or of head lost through a pipe —, V the total volume stirred,

and p,, the dynamic viscosity of the fluid.

In cases of non-uniform and non-constant flows (e.g. turbulent flow), Saffman

and Turner [84] obtained the following corrected expression for Equation (2229):

Béturn (i) = 1.294(r; + 7}')3\/Mz (2.31)
w

with € the unit mass turbulent energy dissipation. Camp and Stein had postulated that
their expression of G from Equation (2230) could be used for turbulent systems by
taking the power dissipated per unit volume P/V as a proxy for the turbulent energy
dissipation. It turns out that their intuition was correct, the expressions are proportional
and very close (factor 1.294 in Equation (2231) instead of 4/3 = 1.333 with Equation

(2230)).
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Finally, in systems where objects do not have the same settling velocities (e.g.
primary particles with different densities, or distribution of aggregate sizes) faster
settling objects sweep an area as they settle down (similar to the circle of radius R;; in
Figure 2.5) and collide with slower settling objects with their center within the area
swept. Friedlander [85] first came up with an expression of the collision frequency due
to differential settling with the rectilinear simplifications:

55 (o) = m(ri + 1) |Us - U] (2.32)
with U; the terminal settling velocity obtained from Stokes’ law [86]:

_ 9
Ui = T8,

(0i = puI1{ (2.33)
where g is the acceleration of gravity, p; the density of the object, and u,,, py, the

dynamic viscosity and density of the fluid.

The relative importance of each mechanism depends on the conditions of the
experiment (fluid temperature and viscosity, average velocity gradient), but also on the
size and effective density of the colliding objects. A cursory observation suggests that
Brownian diffusion should dominate in the early stages of aggregation when very small
particles are interacting (dependency in ! compared to r3 and r* for the other
mechanisms, and largest number of objects of the same size) and differential settling

probably dominates in the late stages when the aggregates are large (r*dependency) and
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the size distribution has widened (significant differences in settling velocities). However,
these are only general trends as the number of particles in the colliding size classes and
the structure of the aggregates, for example, play important roles in the actual rates of

aggregation.

2.1.3.a. Accounting for Hydrodynamic interactions: The Curvilinear Approximation

The rectilinear framework for collision frequencies described until now assumes
that the relative motion of two particles approaching one another is the superimposition
of their isolated motions. In other words, with a rectilinear approximation, particles with
a distance between their relative trajectories smaller than the sum of their radii will
collide (Figure 2.6, left-hand side). In reality however, as the viscous fluid between two
approaching particles gets squeezed out of the way it also pushes the particles back,
resulting in curved trajectories of particles with respect to one another and a smaller
effective collision cross-section [87] (Figure 2.6, right-hand side). This suggests that the
rectilinear approximation greatly overestimate the frequency of collision between

aggregates.
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Figure 2.6: Rectilinear (left) and curvilinear (right) collision models. (Figure from Han
and Lawler [71])

Han and Lawler [88] developed a set of curvilinear correction coefficients to

account for hydrodynamic interactions in the fluid surrounding the particles:

a’gf{v = apgpr + bBR6 + CBR62 + dBR63 (2 34)
8 2 3

curv — 10a5H+b5H6+CSH6 +dSH5 2. 35

ISH T 1 +06)3 (2:3%)

agLéTU — 10aDs+bD56+CD562+dD563 (236)

with § the ratio of the smaller to the larger particle radii (0 < § < 1), and the

mechanism-specific sets of coefficients a, b, ¢, d taken from lookup tables in Han and
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Lawler [88]. Obtaining each curvilinear collision frequency then simply consists in

multiplying its rectilinear counterpart by the corresponding a“*"”.

2.1.3.b. Accounting for Structure: Fractal Dimension and the Porous

Approximation

In both the rectilinear and the curvilinear framework, the colliding objects are
considered as hard spheres. While this is a reasonable assumption for a monodispersed
suspension in the early stage of aggregation, aggregates do not coalesce into solid
objects. Instead they grow into porous, sometimes even dendritic structures. Figure 2.7
illustrates the strain that the notion of “solid sphere” can exert on reality when

describing an aggregate.
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Figure 2.7: Example of a computer generated 3D aggregate, here with a fractal
dimension Dy = 2.52. (Image courtesy of D.A. Adams, University of Michigan, particle
colors indicate their accessibility to diffusing new particles).

The formation and hydrodynamic properties of aggregates composed of small
particles and considered as porous objects had long been studied [89-94] when
Mandelbrot developed and introduced the concept of fractals [95, 96]. This notion allows
to describe the “compactness” of aggregates in a Euclidean space of dimension 2 or 3 in
terms of their fractal dimension (illustrated in Figure 2.8), and to investigate their

formation and properties from an entirely different perspective [97].
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Figure 2.8: Increase of aggregate compactness with fractal dimension. From left to right,
Df = 1.4, Dy = 1.7, and Dy = 2.1, respectively. (Figure from Aziz [73]).

Meakin [98] and Kolb et al. [99] then created the cluster-cluster aggregation
model, which related the fractal dimension as defined by Mandelbrot [96] to the two
extreme regimes of aggregation:

e In Diffusion-limited aggregation (DLA), there is no repulsion between particles, the
probability of two particles attaching upon collision is high (a = 1), and the fractal
dimension is low (D = 1.7: loose aggregate).

e In Reaction-limited aggregation (RLA), there is a significant energy barrier opposing
the attachment of particles (@ « 1) and the fractal dimension is high (Dy = 2.3:

relatively compact aggregate).

The agreement of these calculated fractal dimensions for DLA and RLA with

experimental values [100-102] confirmed the fractal nature of particle aggregates.
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Research then focused on describing aggregates and their hydrodynamic properties in

term of fractal objects [103-114].

In one such research in particular, Veerapaneni and Wiesner investigate the
effect of the fractal nature of aggregates on their collision frequencies [72]. Unlike in the
curvilinear framework where every flow line has to curve around the coalesced sphere
that is the aggregate, some flow lines may actually pass through a porous aggregate [87],
as illustrated on the right-hand side of Figure 2.9. This suggests that, as also verified

experimentally [115-117], the curvilinear model underestimates the collision frequencies

between aggregates.
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Figure 2.9: Velocity field and flow lines in the immediate vicinity of a fractal aggregate,
represented in the coordinate system attached to the aggregate. The fluid is moving
upwards in the chosen reference system. Entire simulated volume (left) and zoom on the
region of interest (right). Simulation ran with the Navier-Stokes module of the finite

38



elements computer fluid dynamic software COMSOL (COMSOL AB, Stockholm,
Sweden).

Considering the expression of the porosity of a fractal aggregate from Jiang and

Logan [118]:

3_Df

e(r)=1—- (:—0) (2.37)
which increases as the aggregate grows larger, Veerapaneni and Wiesner approximated
the fractal geometry of an aggregate as a sphere composed of concentric layers of
increasing porosity (and therefore permeability) and obtained the following expressions

for the collision frequencies of fractal aggregates [72]:

2ksT( 1 1
POT (e 1) = B : :
Bgr (1i,17) 3 1 (-Qiri + -erj) (TL + TJ) (2.38)
4 3
sn (o) =3 (i +133/1;) G (2.39)
2
s (11,17) = m(ry/n; +133m;) " |UF = U} (2.40)
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with

262 (1 _ tanh(fi))

0; = .
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where K is the permeability of the aggregate and &; = r;/VK is an adimensional
parameter related to the adimensional permeability K /r? (permeability models

expressions detailed in [72, 119]). Equations (2241) to (2245) are the Brinkman

(2.41)

(2.42)

(2.43)

(2.44)

(2.45)

equations [120-123] describing the internal flow of fluid in an porous aggregate. They

are based on a modification of Darcy’s law of fluid flow through porous media that

works better for the high porosities of a fractal aggregate. (2; is the ratio of fluid friction

on a porous sphere to that of a solid sphere, and 7; is the ratio of the fluid going through

the aggregate to the total fluid approaching the aggregate.
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2.2. Numerical Modeling of Nanoparticles Fate

Outside of carefully controlled and monitored lab settings, mathematical models
are invaluable tools to evaluate the large-scale transport, transformations, and ultimate
fate of pollutants [124]. They are of even greater importance in the case of contaminants
at the nano scale as their small size and tendency to stick to surfaces often make them
very challenging to measure once they enter the complex matrix that any
environmentally relevant system constitutes [125-128]. And considering that the
projections over the next several years only forecast their manufacture and use to
increase [129-131], it is becoming paramount to develop numerical methods able to
quantitatively predict the fate of accidental environmental releases of engineered
nanoparticles. In recent years, three main categories of environmental transport and fate

models adapted to the specifics of nanoparticle contaminants have been developed.

Earlier efforts to evaluate the fate of nanomaterials in the environment relied
upon the principles of material flow analysis (MFA), which is an established method to
predict the exposure to non-particulate contaminants. It consists in dividing the
environment into a number of completely mixed interconnected compartments (e.g.
water, soil, and atmosphere), on extrapolating the quantities of material released based

on available data, and on evaluating the flow rates between compartments with
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simplified mass-transfer equations. One of the first such models from Mueller and
Nowack [132] teased out overall emissions of several types of nanomaterials in
Switzerland based on their world production and on the relative population of the
country, these emissions were then divided them into product categories based on the
relative abundance of each product online, and assumptions were made on the NP
content of each product and on the percentage of that content going into each
compartment. This method has the merit of simplicity, but the accumulation of
uncertainties, the coarseness of the scale, and the absence of any nano-specific transport
mechanism make it difficult to use its result for quantitative purposes. Using a
probabilistic approach for the input parameters rather than a deterministic one [133, 134]
allowed to account for the large input uncertainties, and using more accurate estimates
of the quantities of materials released [135] reduced that uncertainty. However, the
limited spatial resolution remains a severe constraint of MFA models. The regionally-
averaged concentrations they provide are of little quantitative relevance when large-
scale [136] and bench-scale [137] experiments, as well as more complete mechanistic
models [138], show that the strong affinity of NPs to natural suspended colloids yields
short persistences in the water column, and therefore accumulation in sediments near

the source points.
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Bayesian networks have recently been applied to predicting the fate and risk of
engineered nanomaterials, specifically nano silver, in environmental waters [139, 140].
The probabilistic nature of Bayesian networks is particularly adapted to handling the
inherent uncertainties associated with complex environmental systems [141], and they
have successfully been used to assess the fate of pollutants in the environment [142-145].
In situations where experimental data is scarce, such as in the case of nanomaterial fate
and risk forecasting, the method determines probabilities from experts” elicitation to
populate a baseline model that can later be refined as new data becomes available. As
Money et al showed [140], updating the knowledge base of their 2012 model [139] with
experimental data harvested from the literature led to a substantial increase on the
accuracy of predicted nano Ag concentrations, and a decrease on the uncertainties of
these predictions. This ability to adapt and improve as new data is generated suggests
that Bayesian models are a promising tool for evaluating nanoparticle concentrations in
complex environments. It also suggests that, even if the predictive power might be
weaker, the method can work reasonably well with incomplete data sets or missing
values within a data set, which happen often with environmental measurements. On the
other hand, while Bayesian networks can handle continuous variables, they can only do
so in a limited manner [146], and the usually solution of discretizing the variables leads

to losses of information and, potentially, of statistical power [147]. Moreover, while a
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number of discretization techniques have been developed [146, 148-153], none have been
found an acceptable automatic method. As a result, the discretization of each individual
continuous variable has to be evaluated on a case-by-case basis ensuring the number of
intervals is high enough that the loss of information is acceptable, small enough that
each one contains a reasonable number of data points, but not so small that it would
artificially create dependencies [147]. In addition, while expert elicitation is an
invaluable method to populate a baseline model when the data is scarce, it also often

result in biased outcomes [154].

Particle transport models (PTMs) [155] are nanoparticles fate and transport
models adding nano-specific mechanisms of transformation and transport [128, 156-158]
to higher resolution MFA/multimedia mass balance models. The higher resolution is
achieved by multiplying the number of boxes per environmental compartments [128],
which significantly increases the number of interconnections and the computational
strain. As a consequence, PTMs typically only account for some aspects of colloid
science:

e Praetorius et al. [128] use a large number of boxes to model a river and size-
dependent collision frequencies, but discretize the size distribution over 5 classes,
only takes into account purely heterogeneous collisions and implicitly considers

them as being between hard spheres.
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e Liu and Cohen [156] discretize the size distribution of nanoparticles and use size-
dependent transformation and mass transfer coefficient, but only account for
aggregation as a binary transfer coefficient to the natural suspended particulate
phase;

e Meester et al. [157] use size-dependent homogeneous and heterogeneous attachment

efficiencies, but effectively only considers 2 sizes of aggregates.

PTMs appear a very promising route to evaluate the transport and fate of nanoparticles
in complex environmental systems. However, and in spite of the evidence that it is one
of the major driving forces of their fate in such systems [14, 136-138, 159], there is still no
consensus on how to conciliate computational speed and a non-trivial handling of the

heterogeneous aggregation processes.

2.3. Application — Bacterial Inactivation

Disinfection is a crucial process of the treatment of drinking water, and one of
the greatest public health breakthroughs of the 20th century. Before it became widely
used, waterborne pathogens in drinking water infected millions of people with deadly
diseases. Typhoid fever, for example, was an endemic in the US in the late 19t century
killing 25,000 per year in 1900. With the introduction and the propagation of
disinfection, this death toll had decreased by 45% in 1910, by 92% in 1935 [160] and,
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from 1960 to 1999, none of the 957 reported cases of typhoid fever in the US could be
directly attributed to a waterborne outbreak [161]. And, while not as well documented,
water disinfection is often assumed to have played an important role in the decline of a

number of other waterborne diseases such as cholera and hepatitis A [160].

However, most traditional water disinfection methods generate potentially
harmful disinfection by-products (DBPs) when reacting with suspended natural organic
matter [162]. Free chlorine is a convenient, inexpensive, and potent disinfectant which
also protects against microbial recontamination [163] but it leads to high levels of
trihalomethanes and haloacetic acids, two regulated classes of DBPs with carcinogenic
and mutagenic effects on mammals; Chloramines produce lower concentrations of the
same classes of DBPs, but they are also weaker disinfectants [164]; Chlorine dioxide
yields no trihalomethanes and low concentrations of haloacetic acids, but it generates
potentially harmful chlorite and chlorate [165]; Finally UV irradiation and ozonation can
significantly reduce or eliminate the formation of regulated DBPs, but they may
contribute to the formation of non-chlorinated DBPs (e.g. bromate, with known

carcinogen effects [166]).

Understandably given their toxicity and our vital need for safe drinking water,
these DBPs have been ongoing topics of research in the four decades since the discovery

of their existence by Rook [162], and so have alternative disinfection processes with the
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potential to limit their production. One such substitute consists in using heterogeneous
photochemical sterilization [167], i.e. the combination of UV light and a semiconductor
material such as TiO2 capable of generating reactive oxygen species (ROS) when
irradiated. UV still partially acts as a disinfectant, while irradiated TiO2 nanoparticles
produce ROS able to inactivate microorganisms, oxidize organic pollutants and,
potentially, eliminate DBPs as they are formed [168]. Heterogeneous photochemical
sterilization has been successfully used on a number of microorganisms [169] since its
discovery [167], and efforts have been made to model and optimize specific parts of the
process (TiO2 dose and light intensity [170-174], use of natural solar radiation [175], or
water composition [176-178]), with the traditional focus on E. coli suspensions. These
models are not describing the photochemical disinfection process from a mechanistic
point of view, instead they try to capture the inactivation profile with simple empirical
equations. Later, Marugan et al [179] proposed a simplified mechanism of the bacterial
inactivation process and developed a model of E. coli inactivation in the presence of
irradiated TiO2. However, the equation their model is based on were originally
developed for molecular adsorption (Langmuir) and chemical reaction kinetics which
are inadequate to describe the “adsorption” of particles or colloids onto surfaces. More

recently, Dalrymple [180] used mechanisms conceptually similar to collisions between
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bacteria and TiO2 nanoparticles combined with attachment controlled by the interaction

of surface charges.
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CHAPTER 3 — MODEL FORMULATION?

The model developed in this work is an extension of aggregation models
described in Chapter 2, with a history that dates back 100 years with the publication of
von Smoluchowski’s work on colloid aggregation [9]. A key objective addressed by the
model formulated here is to mathematically represent the heterogeneous aggregation of
nanoparticles with a population of native or background particles. This objective can be
generalized to a broader class of problems that considers the fate of particles designated
by specific distinguishable attribute(s) in a suspension of particles that includes particles
without this attribute. There are several key challenges that arise in this class of
problems that include:

e The need to mathematically track both particle type;
e Changes in aggregate surface chemistry that may occur as the designated particle

type is incorporated into growing heterogeneous aggregates;

1 This chapter is part of the published article: Therezien, M., et al., Importance of heterogeneous
aggregation for NP fate in natural and engineered systems. Science of the Total Environment 2014,

485, 309-318.
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e The possibility of considering a population of living background particles such as
bacteria, that have intrinsic rates for population growth and death, and that can be

adversely affected by nanoparticles upon aggregation (inactivation).

In addition, the model formulated here includes descriptions of aggregation that
account for the complex geometry of porous aggregates, their possible break-up and the
effects of porosity on aggregate drag coefficients and associated collision rate kernels.
Some of these latter considerations have been developed in earlier generations of the
model as coded here including a consideration of the fractal nature of aggregates [10]
and the nature of flow through fractal aggregates [72, 104] and have been used by

others [12, 14].

In the following sections, details of the model formulation are presented, the
contributions to model development over previous efforts are highlighted and
considerations in the numerical solution of the model are presented. Example
calculations are then presented and the model is used to explore the relative importance

of heterogeneous aggregation for nanoparticle fate and transport.
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3.1. Equations for Heterogeneous Aggregation

3.1.1. Modifications of the von Smoluchowski Equation

The original system of equations for homogeneous aggregation described by
Equation (224) must be modified to account for the presence of two different types of
primary particles as detailed in the previous section. The attachment efficiencies should
depend on the composition of the colliding aggregates, and the collision kernels on both

their sizes and their compositions:

oo
dnk

1
a9t =32 Z a(fsi, fs;)B(ro 1 i £ )imy — ny Z a(fsk, fsi) B, i fro fidMi 3.1

i+j=k i=1
with f and fs the fraction of nanoparticles in the volume and on the surface of the
colliding aggregates, and the indices i, j, and k referring to aggregates of size classes i, j,
and k, respectively. As detailed in the following sections, Equation (331) therefore
accounts for the effects of the composition of aggregates f; on their porosity, which

affects both their sizes and the collision rate kernels (8(r;, 75, fir fj)), and of the fraction of

nanoparticles on aggregate surfaces fs; on the attachment efficiencies.

3.1.2. Aggregates Size and Porosity — Volume Fractions of Particles

The equations used in our aggregation model require evaluating the collision

and settling of aggregates [12, 71, 72, 87], which largely derive from the ability to
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evaluate the actual size and porosity of an aggregate based on its size class and
composition. In the simple case where there is only one type of particle in the system,
the number of primary particles N of diameter d, an aggregate contains is related to its

size as:

=) o) () o
with d,, the solid diameter of the aggregate (i.e. the diameter of a sphere containing N
coalesced particles), d,,, its hydrodynamic diameter (i.e. accounting for porosity), and
D¢ the fractal dimension. The dimensionless structural coefficient (or fractal pre-factor) C
has empirically been shown to be close to 1 [181, 182], it will therefore be ignored
throughout this research. In the case of an aggregate composed of Ny nanoparticles of
primary diameter dy and Ny background particles of primary diameter dp, the solid
diameter becomes:

d3o1 = Nyd5 + Npd3 (3.3)

Observing that Equation (333) applies to objects of any Euclidean dimension, we make
the assumption that it remains applicable to objects of arbitrary fractal dimension Dy,

such that:

Dy
por

A = NydS + Ngd-' (3.4)
N B
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The volume fraction of nanoparticles within an aggregate is the total volume of
nanoparticles contained in that aggregate divided by its solid volume:

f _ VN,agg _ NNdI%I _ NNdI%I
"' Ve d3, Nydy + Ngd3

(3.5)

Substituting the expressions of Ny and Np obtained with f;; and 1 — f;, from
Equation (335) into Equation (334) yields an expression for the porous diameter of an

aggregate as a function of its coalesced diameter and of its nanoparticle content:

1
dyor = (o™ + A= fi)dy ) a2 )” (3.6

which allows to calculate the porosity and the density of the aggregate as functions of

dsor and fy:
3-9/D
da: d 4
£=1_d§Ol=1_ I sol > av3/Df (3.7)
or (fdy A= fdy )
and
Ppor = €pw + (1 — &) (fypy + (1 = fi)ps) (3.8)

with py, py, and pp the densities of water, of the nanoparticles, and of the background

particles, respectively.

In previous research [10, 12], the porosity of close-packed spheres on a face-
centered cubic (&7, ® 26%) was used as a minimal threshold for the results of

Equation (337). Here, this theoretical limit can only be used for homogeneous
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aggregates, i.e. when f;; € {0,1}. For heterogeneous aggregates, the minimum porosity
should depend on f;; and on the size ratio of the particles. Assuming dy < dp, the
maximum packing occurs when the nanoparticles are close-packed in the void left by
the close-packed background particles, i.e. the same solid fraction of /32 for the
background particles, and (1 — 7/3v2)x 7/3V2 for the nanoparticles. The nanoparticles
solid fraction yields the volume fraction f;, ~ 21% for which we obtain the porosity
Emin(fy=21%) = 1 —n/3vV2 — (1 — n/3V2)x1/3V2 = 6.7%. For f, + 21%, we
approximate the change in porosity as linear [183] until it reaches 26% for homogeneous
aggregates. Except for single particles (for which € = 0), these values of &,,;, (fy) are

used whenever they are larger than e(fy) calculated by Equation (337).

3.1.3. Attachment Efficiencies

In general, the attachment efficiency between two background particles app (i.e.
the probability that two such particles will stick to one another upon collision, cf. Section
2.1.2) is different from the attachment efficiency between two nanoparticles (ayy) or
between a nanoparticle and a background particle (apy). Consequently, one expects the
attachment efficiency between two aggregates to vary as a function of their respective
compositions in nanoparticles and background particles or, more specifically, of the

compositions of their surfaces.
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In order to evaluate the attachment efficiency between two aggregates of known
sizes and compositions, we postulate that the collision between these aggregates
happens between two single particles (one on the surface of each aggregate) with the
attachment efficiency corresponding to the nature of the particles (i.e. agp, ayy, or agy).
Further assuming a sufficiently large number of collisions between pairs of aggregate
with the same two size classes and compositions, we can integrate over every possible
orientation of the aggregates and obtain an average of the three primary attachment
efficiencies agp, ayy, and ayp weighted by the surface fractions f;; and fs; of

nanoparticles on the colliding aggregates:
a(fsi fs) = fsifsjany + (A — fs)(1 = fs;)aps + ((1 — fsfsi+ (1 — ij)fSi) agy  (3.9)

In the more general case of a system containing X different types Py, Py, ..., Px of

primary particles, the expression for a between two aggregates of size classes i and j

W (@ 00 g f® (@)

with surface fractions fg;”, f;™, ..., fg;i IO RET fg(jx) of each type of particles

generalizes to:
X X
W @ X) (1) £(2) X)) = ® £(q)
“( si o Ssi i fsi i si o S5 e IS ) = Z Zfﬁ fsj p,P, (3.10)
p=1g=1
with fS(.p ) the average surface fraction of type P, particles within an aggregate of size

4

class i and ap p, the attachment efficiency between type P, and type F; particles.
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Since the present work focuses on the aggregation between two different types of

primary particles, we will only use Equation (339).

3.1.4. Surface Fractions

In classical Euclidean geometry, the surface fraction fs is the volume fraction
within the infinitesimally thin outer shell of the volume of the considered object.
Assuming a uniform distribution of particles within the volume of compact aggregates,
surface and volume fractions then become reasonably interchangeable notions, which is
convenient since volume fraction is relatively simple to measure, calculate, and track in

a model.

Unfortunately, while this simplification of uniform distribution might make
sense for large aggregates resulting from a long heterogeneous aggregation process, it is
clearly inaccurate in the very early stages of heterogeneous aggregation where the first
mixed aggregates produced are composed of one background particle with a few
nanoparticles on its surface, or when nanoparticles clump into clusters on the poles of
bacteria. In addition, Praetorius et al [14] and Labille et al [184] showed that different
experimental conditions may lead to heterogeneous aggregation rates being correlated
to either the surface ratio or the number ratio of nanoparticles in mixed aggregates.

Evaluating the effective fraction of nanoparticles on the surface of mixed aggregates may
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therefore depend on the conditions, but likely also how long the heterogeneous

aggregation has progressed, as well as on the type of experiment simulated.

In a scenario where a monodisperse or narrowly distributed suspension of
nanoparticles heterogeneously aggregates with a distribution of background particles,
the surface fraction of nanoparticles on an aggregate is the total projected surface area of
the number of nanoparticles stuck onto that aggregate divided by its surface area. Since
there is no simple way to evaluate the surface area of a fractal aggregate that a particle of
a given size can access, we extrapolate it from Euclidean geometry, i.e.:

1 s, md% 1
fs = Ny agg XA X = fy—=— X X (3.11)
GOl 4209 di © 4 7 mdZ,,

with f;; d3;,/d3 the number of nanoparticles per aggregate of solid diameter d,; from
Equation (335), md§ /4 the projected cross-section of one nanoparticle, and 7d3,, an
estimation of the surface area of the aggregate. In addition, if the repulsive force
between nanoparticles is sufficient, the attachment of one of them on the surface of an
aggregate would prevent other nanoparticles to attach in an area extending further than
its projected area. It is therefore necessary to modify the expression of fs accordingly
with a coefficient Cr; that will effectively increase the footprint of nanoparticles.

Simplifying Equation (3311) and multiplying by C, it comes:

2
fV dsol <dsol>
= Crg— X X (3.12)
fS fS 4 dN dpgr
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or, with the expression of dp,,, from Equation (336):

fv Df—S)_Z/Df

3-6/D Dr-3
fs = Crgg- doot (hay > +a-f)d; (3.13)

3.1.5. Collision Frequencies — Permeability Model and Curvilinear

Approximation

As described in Section 2.1.3.b, the collision frequencies between fractal
aggregates generated during a simulation are calculated using the radially varying
porosity model developed by Veerapaneni and Wiesner [72]. This porous model
requires the choice of a permeability model to calculate the 2; (Equation (2241)) and 7;
(Equation (2242)) parameters used in the calculations of fP°" (Equations (2238) to
(2240)). Based on the comparative study of Kim and Stolzenbach [119] we decided to

use the permeability model from Davies [185]:

_ ds
K; = 3/2 3
320, 7%(1+ 5603)

(3.14)

where d,, is the primary particle diameter and @; is the solid fraction in the considered
aggregate which relates to its porosity as @; = @(r;) = 1 — £(1;). It becomes immediately
apparent that the notion of “primary particle diameter” invoked in Equation (3314)
poses a problem in the case of heterogeneous aggregates that have more than one kind

of primary particles. For a packed bed with particles of various sizes, permeability is
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usually estimated using the reciprocal mean particle size, i.e. the diameter yielding the
same specific surface area. Replacing d, by the reciprocal mean of d and dp in an

aggregate with a volume fraction fi, of nanoparticles yields:

- 3207/%(1 + 563)

(3.15)

For small aggregates or even single particles, for which the notion of porosity
loses meaning, the porous approximation may underestimate the collision frequencies
between aggregates. As in previous works [10, 12], for each collision mechanism our
model uses the curvilinear collision frequency [71] when the value returned by the

porous approximation is smaller.

3.1.6. System of Differential Equations

Equation (331) describes the rate of change in the total number concentration of
aggregates of all compositions in every size class, which is not sufficient if we want to
track each species, for example to investigate optimizing nanoparticle removal from a

water column, or their transport and fate in a river.

The model must be able to track the nanoparticles and the background particles

as they aggregate homogeneously and/or heterogeneously and as they settle out of the
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water column. To this end, the model must numerically integrate the following
quantities in each size class and over time:

e the total number concentration n, of all aggregates;

¢ the number concentration n, of mixed aggregates (containing both types of

particles);

¢ the number concentration n; of purely background particle aggregates,

e the number concentration n, of purely nanoparticle aggregates,

e and the equivalent number concentration n5 of nanoparticle aggregates in the mixed

fraction, such that Equation (335) reduces to fy, = ns/n, .

We immediately observe that n, is the number concentration n in Equation (15),
and is equal to the sum of the mixed, pure background, and pure nano aggregates (n,,
ng, and n, respectively) in each size class and at all times. Replacing n;, n;, and n; from
Equation (331) by the corresponding n, + n3 + n, and separating the terms leading to
respectively mixed, purely background, and purely nano aggregates, yields the

following three subsystems of differential equations:
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And the rate of change of nsy is similar to Equation (3316) with each term under the
first summation sign weighted by the volume fraction of nanoparticles within the

considered colliding aggregates.

The last three terms on the right-hand side of Equations (3316) to (3318)

complete the mass balance by adding loss terms due to size class k aggregates
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sedimenting out of the water column or fragmenting into smaller size classes, and a gain
term due to the fragmentation of larger aggregates. F (ry, fi) is based on the

fragmentation rate function [17, 186, 187]:

F(ri, fx) = A'GY dpor (ks fic) (3.19)

with G the mixing rate, and A" and y two constants (A’ = 0.0047 and y = 1.6 in Spicer
and Pratsinis [17]). I'(1, 1;) is a breakage distribution function [17, 188] describing how
fragments broken off of size class i aggregates are apportioned into smaller size classes.
Since the simple breakage distribution functions we tried in our simulations (i.e.

binary [189], ternary [17], and normal [190] breakages) ended up being the main drivers
of the shape of the aggregate size distribution, we adopted a function that redistributes
fragments according to the volume-weighted size distribution of aggregates smaller
than the size class the fragment came from. Although we found that such a
redistribution had a less overwhelming impact on the aggregate size distribution and

worked well in our simulations, we did not formally evaluate it.

3.2. Numerical Considerations

3.2.1. Simplifications

In addition to the usual assumptions made when modeling the homogeneous

aggregation of particles, such as hard spherical primary particles, dilute suspensions,
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and a uniform distribution of all aggregates in solution, the following key
simplifications were made for heterogeneous aggregation to reduce the complexity of
the problem:
¢ A single fractal dimension can still be applied to describe the entire morphology of a
heterogeneous aggregate;
e the fractal dimension of an aggregate depends neither on its size nor on its

composition;

3.2.2. Size Gridding

Aggregate size distributions may span several orders of magnitude, stretching
from the diameter of the smallest primary particle in the system (dy) to the solid (or
coalesced) diameter of the largest cluster the conditions may lead to (d,,4x). The use of
the discrete model implied by Equation (224) requires a binning procedure to reduce
the computational effort that would be associated with such wide distributions [16]. We
discretize the size distribution of aggregates by breaking down the continuous range of
solid diameters into the desired number of bins — or size classes — of even widths on a
log scale, and all the aggregates within a given class are described by the average solid

diameter of that class [10].
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Due to this non-linear binning procedure, the solid volume V; j"l

resulting from
the aggregation of aggregates from size classes i and j will seldom match the volume of
any size class but rather lands somewhere in between two consecutive classes k and k+1.
We ensure the total solid volume of particles in the system is conserved by having the
new aggregate distributed into size classes k and k+1 proportionally to its volume
relative to that of the adjacent size classes [10, 12], i.e. a fraction f;,=( V;filj 'V;O])/ ¢ Vskilz'
VE) of the new aggregate goes to size class k while the remainder goes to size class k+1.
Note the use of total solid volume as a conservation metrics instead of the number of
primary particles preferred in previous researches [10, 12], choice driven by the presence

of primary particles of different nature in the present work.

We similarly discretize the volume fraction of nanoparticles within aggregates in
each size class by employing a linear binning scheme. Since the effective volume and the
density of an aggregate (i.e. accounting for the porosity) depends on its solid diameter,
the number and nature of the particles it contains, and on the fractal dimension (Section
3.1.2), these two binning scales also allow to pre-calculate a number of aggregation
parameters ahead of the differential equation solver described in Section 3.3, therefore

reducing the computational load during integration.
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3.3. Numerical Integration

Except for the size classes of primary particles, the concentration in every size
class usually starts at zero, sharply increases when smaller objects have become large
and numerous enough to start populating that size class, grows slower as loss to larger
sizes competes with creation from smaller ones, and — given enough time — ultimately
decreases to 0. By nature, the differential equations describing such a system are stiff,
their numerical integration with explicit methods requires impractically small time

increments whenever a new size class is generated.

This stiffness drove us to use the implicit Euler method to integrate
Equations (3316) to (3318). In the straightforward explicit Euler method, given the
differential equation (or system of differential equations) and an initial condition, the

value of the function at time t + At is evaluated from its previously calculated value at

time t:
dy _
at SO S e+ a0 =y + 4t £ (3 () (3.20)
y(to) = yo

Implementing Equation (3320) only requires to calculate the slope y(t + 4t)
once, but stiff systems may have such rapid variations that they impose to do so with

very small values of At. By contrast, the implicit Euler method (or backward Euler
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method) calculates the function at time ¢ + At as a function of its slope at time ¢ + At:

dy _
at NS e+ 20 = y© + 26 £ (3¢ + 40) (3.21)
y(to) = o

The calculation is unmistakably less straightforward since the right-hand side requires
the yet unknown value at y(t + At). Integrating Equation (3321) therefore requires extra
steps. A simple method consists in choosing an estimate for y(t + At), applying
Equation (3321) so that it returns a new candidate for y(t + 4t), and repeating until the

relative difference between two successive candidates is small enough:

yO(t + 4t) = y(0)
yO(t + 4t) = y(©) + 4t. f(yO(t + 4¢) )

(3.22)
yED(t + At) _ y() + 4t.f(y©(t + 4t) )
This method requires more work for each time point, but it allows to choose larger
values of At (sometimes larger by orders of magnitude for our systems), yielding much
shorter runtimes. Nonetheless, the fixed-point iteration method usually converges faster
(i.e. in fewer iterations) for shorter time increments. We tried to maintain an optimal
balance between rapid convergence and large time increments by reevaluating At at
each step based on how many iterations it took to converge at the previous step. In cases
where the current time increment still did not allow for the fixed-point iteration to

converge fast enough, the code adjusts At and starts over. These adjustments improve

computational speed while maintaining accuracy at all times and for all size classes. We
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further reduced the simulation times by calculating all the intermediary variables (e.g.
settling velocities, collision frequencies, fragmentation rates) and storing them ahead of

the iterative solver.

Even without accounting for settling and fragmentation, if Ny, size classes are
populated at a given time ¢, the integration of n,, n3, and n, at t + At calculates in the
order of 9XN,,,, collisions for each size class, both for creation and for elimination, and
for each iteration of the fixed-point method. Consequently, the chosen number of size
classes played a crucial role in the runtime of each simulation. While debugging and
verifying the model, simulations were performed with 20 to 50 size classes and 3
nanoparticle volume fraction classes to ensure faster integration and better readability of
some of the larger matrices. Final product simulations were performed with 100 size

classes and at least 20 nanoparticle volume fraction classes for higher resolution.

The model is written in Matlab (Matlab R2010a, the MathWorks Inc., Natick, MA,

USA) and is composed of three main sections.

3.3.1. System Setup

The first section sets up the system by generating all the parameters the
simulation will need (settling velocities, collision frequencies, fragmentation rates) and

stores them in NxNxFxF four-dimensional matrices with N the number of size classes,
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and F the number of nanoparticle fraction classes. This section also generates two NxN
matrices to handle the total solid volume conservation as described in Section 3.2.2 [10,
12]:
e the row and column indices of these matrices are the size classes of the two colliding
aggregates;
e the corresponding value in the first matrix is the size class of the resulting aggregate;
e the corresponding value in the second matrix is the fraction that remains in that size

class, while the remainder moves up to the adjacent size class above it.

3.3.2. Homogeneous Aggregation

The entire code could be written as a heterogeneous aggregation model, and
homogeneous systems would simply be input as heterogeneous systems where the
concentration of one of the species is 0. However, this would mean performing a
number of unnecessary calculations and tests for every single loop needed to execute a
homogeneous scenario. Consequently, we included a homogeneous aggregation section
in the code. This second section of the program is a close translation into the Matlab
environment of previous codes we created for homogeneous aggregation written in
FORTRAN [10] or C [12]. It executes much faster than the third section described below,

with typical run times in the order of 10-15 seconds when using 100 size classes, and
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typically less than 5 seconds when running quicker simulations with 50 size classes
(simulations ran on a 2.4GHz Intel Core i7 MacBook Pro from Apple Computers
equipped with 16GB 1333MHz DDR3 RAM). Not only does it allow to quickly evaluate
the outcome of homogeneous scenarios, but also to generate a stable distribution of
background particles from an initial spike prior to introducing nanoparticles, for

example to simulate a stable natural system prior to an accidental release.

At this point, all aggregates in the system are composed of only one kind of

particle.

3.3.3. Heterogeneous Aggregation

The third section introduces nanoparticles in the system, either as a continuous
input or as a one-time spike. This section of the program solves Equations (3316) to
(3318), handling heterogeneous aggregation of background particles and nanoparticles,
tracking the fraction of nanoparticles in all size classes, and following the volume and

nature of aggregates that settle out of the water compartment.

In both the homogeneous and heterogeneous sections, the model compares the
total mass of nanoparticles, of background particles, and the total mass in the system at
every integration time step. The relative changes in mass from one integration time step

to the next are displayed as the model runs, which allows to detect calculation errors
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(often due to aggregation reaching and accumulating in the maximum size class). A
simulation is deemed acceptable if all three relative mass balance calculations are kept

below 107!° throughout the execution of the code.
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CHAPTER 4 — MODEL EVALUATION

4.1. Analytical Model Evaluation

While there are no closed-form solutions to Equation (224) for arbitrary
expressions of (i, j), nor indeed for the expressions developed in Section 2.1.3, there are
simplified mathematical expressions of the collision kernel that yield such exact
solutions [191-193]. We tested the model by comparing numerical simulations with
analytical calculations for these particular forms of the Smoluchowski Equation (224).
The simplified expressions of the collision kernel, S (i, j) are referred to as:

e The constant kernel: S(i,j) = B°
e The sum kernel: B, j) =% (i+))/2

e The product kernel: B(i,j) = BOxixj

The closed-form solutions to these particular cases for a monodisperse initial

concentration spike are the following [191, 193]:

o)

N, (t) = ” i for the constant kernel 4.1)
(1 +5BONO t)
N° k-1 ; —3B°N°¢

N, (t) = 7 (1-=b)(k-b) for the sum kernel with b =1 — e 2 (4.2)
mN° —kaBONOt 0 A0 k=1

N (t) = R e (kaB®°N°t) for the product kernel (4.3)

where Ny (t) is the number concentration of k-aggregates (aggregates containing k
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particles) at time t and N° the initial concentration in the first size class. These solutions
only describe homogeneous aggregation processes. The heterogeneous section of the
model works with homogeneous systems, albeit slower, and can therefore be tested on
these homogeneous solutions. Furthermore, in order to evaluate the heterogeneous
section of the model, we can consider a system composed of N°/2 particles A and N°/2
particles B that happen to be identical, and compare the evolution of the total size
distribution (ny,(t) in Section 3.1.6) to the analytical solution corresponding to the
chosen kernel. Accordingly, we performed the following four simulations for each
simplified collision kernel, each simulation with N° = 10'1m~3 primary particles
allowed to aggregate over a 24 h simulated:
e Simulations using only the first section of the model (homogeneous section).
e Simulations using only the second section of the model (heterogeneous section) with
the primary particles as background particles.
e Simulations using only the second section of the model with the primary particles as
nanoparticles.
e Simulations using only the second section of the model with half the primary
particles as background particles, the other half as nanoparticles, both with identical

characteristics.
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In order to ensure errors wouldn’t be averaged out within size classes, we altered
the code by replacing the log binning procedure by a simple linear scale such that “size
class k” only contains aggregates composed of k particles. As mentioned in Section 3.2.2,
such a linear scale is not a practical solution to simulate aggregation processes. As
aggregation progresses and generates increasingly large numbers of size classes and of
differential equations, the computation would quickly strain the machine running the
model beyond its capacity. However, with a modest initial concentration in primary
particles, a small starting value for the collision frequency 8°, and integration times
limited to 24 h, the number of size classes generated during each simulation remained

sufficiently low for the model to handle.

For each kernel, we find that the simulations ran in the different sections of the
model yielded identical results. The entire integrated time-series were identical to the
precision of the machine for all size classes. Figure 4.1 compares the numerical
simulations to the corresponding analytical solutions of the aggregation equations for

each kernel.
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Figure 4.1: Comparisons between numerical simulations and their corresponding
analytical solutions for the constant, sum, and product kernels. Each colored segment

correlates the simulated and analytical results within a given size class.
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For all three models, we observe a very good agreement for all sizes across

number concentrations ranging from 10725 to 101 m~3

, indicating that the differential
equation solver is performing adequately. We do note some occasional small excursions
from the 1:1 line at very low number concentrations. Given that the mass balance was
acceptable throughout every one of these simulations (i.e. the relative changes in total
mass remained of the order of 1071 or smaller at the end of each integration time step),

we intuit that these excursions are due to rounding errors of the fixed-point iteration

method and deem them acceptable.

4.2. Comparison to Experimental Results

The model is further evaluated by applying it to the replication of controlled

experimental results from Praetorius et al [14]. A suspension of negatively charged SiO:

74




particles (500 nm, 100 mg.l~%, electrophoretic mobility of about —4.2x1078 m?.V~1. 571
atpH 5 [14]) is continuously stirred and the volume-weighted median diameter of the
distribution (ds) is followed over time under a variety of conditions:
e Jonic strength is adjusted by addition of 1 M NaCl, leading to a destabilization of the
negatively charged SiO: particles and a homogeneous aggregation of the suspension.
e A suspension of TiO2 (15 nm, 0.8 mg.1™?, electrophoretic mobility under the pH 5 of
the experiment of +2.5x1078 m2.V~1.s71) is added to the original suspension,
provoking the heterogeneous aggregation of the two otherwise stable suspensions.
e A more concentrated suspension of the same TiO: particles (15 nm, 2 mg.l™ 1) is

added, allowing the heterogeneous aggregation to generate larger aggregates.

The authors used the concepts of primary and secondary heterogeneous
aggregations: the background particles and nanoparticles first rapidly aggregate into a
new “species” composed of quantities of each particle that depends on their initial
concentrations (primary heteroaggregation), and then this new species undergoes a
homogeneous aggregation process (secondary aggregation). The parameters they
reported were measured with that method in mind, and may not necessarily apply to

reproducing the kinetics of explicit heterogeneous aggregation we want to investigate.

An initial calibration of our model was performed based on the reported values

of velocity gradient, fractal dimension, and attachment efficiency [14], and these values
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were adjusted to obtain a good fit while remaining consistent between experiments. For
the heterogeneous experiments, the parameter Crs from Equation (3313) was calibrated
as well. Finally, the fragmentation rate coefficient vector from Equation (3319) was
evaluated. Since it is expressed as a function of A'GY and since the average velocity
gradient G did not change between experiments, only one of the two parameters needed
calibration. With a measured G of 100 s, Equation (3319) was very sensitive to small

variations of y, so we elected to work on A’ instead.

As previously observed [138], the results of heterogeneous aggregation
simulations do not vary linearly, nor sometimes intuitively, with the input parameters.
As a consequence, optimizing the calibration required to vary each input parameter by
small increments and run the model for each modification of each parameter. The model
was first run with each set of input parameters for the experimental time-series yielding
the smallest and the largest ds, values [14]. The adjusted coefficient of determination
RZ, ; was calculated and F-tests were performed for each individual simulation to select
the set of parameters leading to the best goodness-of-fit of the model. This set was then
tested with the intermediate time-series, if modifications were necessary their nature

was gauged, and the process was repeated. The best-fit parameters obtained for our

simulations are presented in Table 4.1.
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Table 4.1: Best-fit model input parameters.

Model Parameter Symbol | Numerical Value Source

Average diameter SiO: dp 520 nm [14]
Standard deviation SiO2 Op 130 nm [14]
Average diameter TiO2 dy 15 nm [14]
Standard deviation TiO: oN 10 nm est. from [14]
Average velocity gradient G 100 571 [14]
Fractal Dimension D 1.77 — 1.80 fitted
Si02-SiO:2 attachment efficiency agp 0.5 fitted
Si02-TiO2 attachment efficiency agn 0.11 fitted
Surface fraction of NP pre-factor Crs 25 fitted
Fragmentation rate pre-factor A 0.282 —0.376 fitted

Two of the simulation parameters could not be fitted as a common value to all

three time-series. Each one of them was carefully considered before deciding to give it a

unique value:

e The fitted fractal dimension for the heterogeneous suspension of SiO2 with

2mg.1* TiO2 was evaluated as slightly smaller (1.77) than that of the other two

series (1.80). That the fractal dimensions describing these aggregates and those of

the homogeneous experiment be different is not entirely surprising. Indeed, the

attachment efficiencies and mechanisms involved are different between the

heterogeneous aggregation of two otherwise stable suspensions and the

homogeneous aggregation of electrolyte-destabilized particles. Given that the

experiment of SiOz with 0.8 mg.1™* of TiO2 was accurately described by the same Dy
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as the homogeneous experiment, the discrepancy might originate from the higher
heterogeneous attachment efficiencies that the larger TiO2 concentration allows (via
Equation (339)), yielding looser aggregates (cf. Section 2.1.3.b).

The best-fit pre-factor A’ for the fragmentation rate vector of coefficients was also
found lower for the 2 mg. 1~ TiO2 experiment (0.282) than for the other two (0.376).
A lower fragmentation rate coefficient for a given size class means that aggregates in
that size class will experience less fragmentation, leading to the size distribution
growing larger. In these heterogeneous aggregation experiments, TiO2 nanoparticles
effectively act as an intermediary allowing the silica to aggregate. It is reasonable to
consider that, unless there is so much titanium that it saturates SiO2 and stabilizes
the suspension, aggregates with fewer nanoparticles to bind them are more likely to

break under shear.
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Figure 4.2: Experimental [14] and simulated aggregation of a distribution of SiO:
particles (100 mg.1l™%, dg = 520 nm, g5 = 130 nm), homogeneously or heterogeneously
with TiO2 (0.8 or 2 mg.1=%, dy = 15 nm, estimated oy = 10 nm).

The experimental ds, time-series from Praetorius et al. and our corresponding
simulations are displayed in Figure 4.2. All three simulations are reasonably good fits
for the experimental data, with high adjusted R-squared and all p-values for the F-test
on the regression smaller than 1073. The model captures the phases of initiation, and
linear growth phase well, and appears to do so as well for the plateau of the
homogeneous aggregation and the slower heterogeneous aggregation. However, the
model appears to be behaving differently than the faster heterogeneous aggregation as
from as early as the end of the linear growth phase to the end of the experiment. The
overall aggregation rate in the experimental data slows down sooner than the model

does and, while noisy, the data clearly reaches a stable plateau. The model on the other

79



hand reaches a plateau at about the same level sooner, and then the ds, starts
decreasing. The clear curvilinear patterns exhibited in the Residual versus simulated

values plots (Figure 4.3) seem to indicate that the model might be missing a fitting

parameter.
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Figure 4.3: Residual versus fitted value plots for the three simulations.

One possible candidate for an extra parameter to include in the model could be
the changes in fractal dimension as aggregates grow from small dense objects (which the
model overestimates the size of due to having a fixed, lower D value — cf left-hand side
of the residual plots), to larger objects with low fractal dimensions that the model must
underestimate in order to have an overall value of Dy that produces acceptable results

over an entire simulation.
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CHAPTER 5 — MODEL APPLICATIONS

5.1. Sensitivity Analysis

5.1.1. Influence of Attachment Efficiencies

The dynamics of heterogeneous aggregation is illustrated with a simulation in
which nanoparticles are introduced as a pulse into a system containing a distribution of
background particles (Figure 5.1). We consider two scenarios: one in which the affinity
between nanoparticles and background particles is relatively low (ayp = 0.001), the
other in which all particles in the system have a similar affinity (ayp = 0.25). Both
simulations start with a monodisperse suspension of primary background particles
(pp = 2.6 g.cm™3,d} = 400 nm, C2 = 13 mg.l7?, agg = 0.5) allowed to aggregate in the
simulation for 3 days, generating a distribution of background aggregates (top left bar
plot in Figure 5.1). Then we introduced a spike of nanoparticles (py = 10.5 g.cm™3,dy =
20 nm, Cy = 25 mg.1™!, ayy = 0.25). The unique fractal dimension in the system is Dy =

2.5 and the velocity gradientis G = 15 s71.

In both cases, the evolution of the aggregate size distribution in the system
shows both homogeneous and heterogeneous aggregation of nanoparticles. Since the

model tracks the homogeneous nano- and background particle aggregates and the

81



fraction of nanoparticles within mixed aggregates in each size class, it allows us to figure

out where the nanoparticles go in the system.
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Figure 5.1: Evolution of the aggregate size distribution after addition of silver NPs

(20 nm, 25 mg. 1™1) to a suspension of clay particles (initially 400 nm, 13 mg.l™1). The
left-hand side plots describe a system in which the affinity between silver and clay is
low (ayp = 0.001); the right-hand side plots describe a system in which it is higher
(ayp = 0.25). From top to bottom, the systems are shown at 1s, 10 s, 24 h, and a week
after the Ag spike. The bottom plots represent a zoom of the last time distribution.

The light grey bars in Figure 5.1 are the fraction of background particles in the
mixed aggregates, while the black bars represent purely background aggregates. The
model suggests that as long as there is a significant probability of attachment between

nanoparticles and background particles, the distribution of natural particles would be
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almost entirely contaminated by a 25 ppm spike of silver nanoparticles within a day, or

even within seconds in the case of attachment efficiencies higher than ~10%.

5.1.2. Complexity of Heterogeneous Aggregation in a Simple System

Following the concentrations of background particles, nanoparticles, and mixed
aggregates, as well as the fraction of nanoparticles within the mixed aggregates in each
size class, also allows us to track integrated quantities over time. Examples of such
quantities include the concentrations of pure, mixed, and total nanoparticles in the water
column, but also the concentration of nanoparticle removed by settling into a simulated

sediment layer.

In order to get an idea of the importance of heterogeneous aggregation for
nanoparticles introduced in a system already containing background particles, we
followed over time the fraction of nanoparticles attached to background aggregates in a
series of modeled systems. All simulations started with mono dispersed background
particles and nanoparticles suspensions (pg = 2.6 g.cm™3,d) = 500 nm, and py =
10.5 g.cm™3,dY = 20 nm), all system had the same attachment efficiency between
background particles agp = 0.3. We then varied the attachment efficiencies ayp and ayy
from 0.01 to 0.1, the initial concentrations of background particles Cg from 0 to

100 mg.1™1, and the initial ratio of volume fractions of particles ¢3/¢5 from 0.01 to 100.
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Figure 5.2 displays the evolution of mixed to total nanoparticle ratio (a measure of

heterogeneous aggregation) over 24 h for all the selected parameters.
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Figure 5.2: Volume fraction of nanoparticles within mixed aggregates after 5 min,
10 min, 1 h, and 24 h as a function of the initial concentration of background particles

C2, the ratio of initial volume fractions of both particles, the attachment efficiencies ayy

and ayp. All simulations consider primary particles of 500 nm and 20 nm, and a
homogeneous attachment efficiency azp = 0.3 for the background particles.

In each of these plots, the volume fraction of nanoparticles attached to

background aggregates increases with the initial concentration of background particles

€3, as intuition would suggest. Likewise, we observe that large spikes of nanoparticle do

indeed attach faster to background aggregates for larger values of ayp. On the other
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hand, we observe much less intuitive behaviors as a function of the initial concentration
of nanoparticles: for each value of CJ there appears to be a value of ¢ /¢3 that
minimizes the fraction of nanoparticles attached to background aggregates over time.
These local minimums are particularly visible after 24 h and for low ayy and ayp values

(0.01).

These simulations show how nanoparticles introduced in a complex, albeit
greatly simplified environment may potentially exhibit a wide range of complex

behaviors depending on their affinities for each other and their concentrations.

5.1.3. Importance of Heterogeneous Aggregation in Evaluating

Nanoparticles Fate

The importance of heteroaggregation in determining nanoparticle transport and
fate can be gaged in terms of the effect that heteroaggregation plays in regulating
nanoparticle concentrations in the water column. We quantified this effect by calculating
the time until one-half of the nanoparticles initially introduced to a system were
removed by aggregation and settling. These nanoparticle particle “half-lives” were
determined for various conditions of surface affinity between nano- and background
particles (ayp) and different concentrations and sizes of background particles. In all

simulations, a 0.25 ppm spike of silver nanoparticle of either 20 nm or 100 nm was
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introduced to a system containing a given size of initially monodispersed background
particles (d$ ranging from 50 nm to 2000 nm), at a given concentration (C§ ranging from
0 to 100 mg.1™"), and with a given affinity for the nanoparticles (ayp ranging from 0.005
to 1). We followed over time the concentrations of both pure nanoparticle (either
monodispersed or homogeneously aggregated) and total nanoparticle (monodispersed,
homogeneously aggregated, and heterogeneously aggregated) in the water column, and
computed the time required to reduce the initial nanoparticle concentration by one half.
The results are reported in Figure 5.3 (pure nanoparticle) and Figure 5.4 (total
nanoparticle) as half-life isolines for a given ayp over the range of background particle

concentrations and sizes.
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Figure 5.3: Half-life isolines of pure nanoparticle aggregates for 20 nm and 100 nm
primary nanoparticles (left and right column, respectively) and background-
nanoparticle attachment efficiency agy of 0.005, 0.05, and 1 (top to bottom rows) as a
function of the size and initial concentration of background particles. Each simulation
was performed with homogeneous attachment efficiencies agg = 0.01 and ayy = 1073,
and with an initial nanoparticle concentration Cy = 0.25 ppm.

The half-life of pure nanoparticle aggregates (i.e. monodispersed or
homogeneously aggregated nanoparticles, Figure 5.3) is mostly driven by the collision
frequencies and the attachment efficiency between nanoparticle and background

aggregates. Indeed, since settling has little impact on the relatively small nanoparticles
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and pure nanoparticle aggregates, the pure nanoparticle concentration can only notably
decrease once they heterogeneously attach to background or mixed aggregates. The
persistence of pure nanoparticles in water decreases as ayp increases, and increases as
the nanoparticles get larger due to their reduced diffusivity and associated smaller
collision frequencies (Figure 5.3, left to right). In practical terms, and for all of the
conditions evaluated here, nanoparticles cease to exist as pure entities after a period of at
most several weeks. The fate and transport of nanoparticles is therefore likely to be
controlled by the fate and transport of the background suspended particles with which

they associate.
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Figure 5.4: Half-life isolines of total nanoparticle aggregates for 20 nm and 100 nm
primary nanoparticles (left and right column, respectively) and background-
nanoparticle attachment efficiency agy of 0.005, 0.05, and 1 (top to bottom rows) as a
function of the size and initial concentration of background particles. Each simulation
was performed with homogeneous attachment efficiencies agp = 0.01 and ayy = 0.001,
and with an initial nanoparticle concentration Cy = 0.25 ppm.

For example, the total concentration of nanoparticle material in the water column
can only decrease as nanoparticles are settling and effectively leaving the water
compartment. Heterogeneous aggregation controls the loss of nanoparticles as they are

incorporated into larger, faster settling aggregates. There is a decrease in the half-life of

89



total nanoparticles in the system decreases as apy increases (Figure 5.4, from top to

bottom).

The importance of heteroaggregation in controlling nanoparticle concentration in
the water column is underscored by the prediction that smaller nanoparticles (Figure
5.4, left hand side) should be eliminated faster from the water column than the larger
ones (Figure 5.4, right hand side). This is due to the higher diffusivity of the smaller
particles which leads to higher contact rates. Differences in half-lives for smaller and
larger nanoparticles are greater for smaller values of agy and at lower initial
background particle concentrations C where contacts are increasingly limited.
Conversely, differences between nanoparticle half-lives as a function of size become
negligible for higher CJ. As the attachment efficiency ayp between background particles
and nanoparticles increases, differences in nanoparticles size (dy) have less effect on the
persistence of the nanoparticles (plots on the left and right hand side of Figure 5.4
become increasingly similar from top to bottom), particularly at high Cg. In systems of
high affinity between background particles and nanoparticles (Figure 5.4, bottom row)
the half-lives are nearly identical, with a nanoparticle persistence that depends on Cg
and dp for low values of CJ, and almost independent of dg for €2 larger than about
30 mg.1™1. This is a stark contrast with the behavior of pure nanoparticle persistence,

which remains dependent on all the parameters over their respective ranges.
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5.2. Comparison to Mesocosm Data

We compared data collected from the CEINT mesocosm experiment in 2009 [136]
to our simulation results. The experiment consists of 30 outdoors simulated wetland
ecosystems in a clearing of the Duke Forest (coordinates 36.025, —78.985 in Durham, NC
27705, USA). Each mesocosm is contained within a 3.66 m long, 1.22 m wide, and 0.8 m

deep watertight open box.

Figure 5.5 displays the experimental evolution of the total silver concentration in
the mesocosm water after a 25 ppm inoculation of PVP-coated silver nanoparticles
prepared from NanoAmor (Nanostructured & Amorphous Materials, Inc., Houston TX
77084, USA). The nominal size of the particles was 10 nm, but previous studies [194, 195]

have shown actual particle sizes ranging from 30 nm to 80 nm.

91



LPpm)

giver concantration

T 0 0 a0 ] &0 m an %0 10

L=

Figure 5.5: evolution of the silver concentration in a physical simulation of a complex
wetland ecosystem (mesocosm) after a spike of silver nanoparticles.

Considering a suspended background particle size in the order of 1 um, a high
concentration of solids in the mesocosms, and a low attachment efficiency between the
nanoparticles and the suspended background particles, the simulation results in Figure
5.4 are reasonably close to the time it takes to halve the initial concentration in Figure 5.5
(a few days to go from 10 to 5 ppm, about a week to go from 5 to 2.5 ppm). Of course
these are merely preliminary observation, but they seem to suggest that our model
perform reasonably well in evaluating the persistence of silver in a complex,

environmental medium.
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5.3. Heterogeneous Photochemical Sterilization

5.3.1. Modifications of the Model

Even with the assumption that the aggregation of nanoparticles and bacteria
obeys the same equations detailed throughout this research, handling the inactivation of
microorganisms requires modifying the model. These modifications must not preclude
the model from accurately integrating homogeneous and heterogeneous aggregation

scenarios that do not involve living organisms.

A new category is introduced to follow the inactivation over time, the number
concentration of dead bacteria aggregates (ng) in suspension. In the same fashion as
Section 3.1.6 described nsas the equivalent number concentration of nanoparticle
aggregates in the mixed aggregates n,, n, is defined as the equivalent number

concentration of nanoparticle aggregates stuck to inactivated bacteria.

5.3.1.a. Inactivation by a Photosensitive Fractal Cluster

The inactivation mechanism is modeled as a pseudo first-order reaction with a
reaction rate constant that depends on the number of nanoparticles attached to a

bacteria, and on the relative amount of UV radiation these nanoparticles receive:

(dBd,k

) = k@ (mae©) ~ nsi©) (5.1)
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where B\, is the number concentration of inactivated bacteria aggregates in size class k
and n,j — nsy is the equivalent number concentration of live bacteria aggregates with

nanoparticles attached to them. The inactivation rate constant k; should depend on the
average number of nanoparticle attached to each bacterium in that size class at t, which

is obtained directly from the definitions of the aggregate categories:

kSOl 1 Nsgk df;e
Nog o (8) = ngp () 22— x =( ) L (5.2)
pEk 5 N Nak = Msk/ () di

Vsol
(lek(t) - nsk(t)) {;—B

The volume conversions in Equation (552) turns number concentrations of aggregates

into number concentrations of individual bacteria and particles.

The reaction rate also has to depend on how much reactive oxygen species is
generated by the bacteria, and therefore on the amount of radiation each nanoparticle in
contact with a bacterium actually receives. Figure 5.6 illustrate how nanoparticles
preferentially aggregate at a pole of the bacteria (possibly because of a slightly higher
surface charge density where the radius of curvature is the smallest), forming relatively

dense flocs.
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Figure 5.6: Localized formation of TiO2 nanoparticle flocs onto a bacterium. (Picture
from Jeff Farner Budarz)

As shown by Hotze et al. [196], nanoparticle reactivity, in particular of
photosensitive species, depends on the structure of their aggregates: in denser
aggregates (as appears to be the case here), the incoming radiation flux might not reach
the nanoparticles closer to the center of the aggregate. This notion is introduced in the
model as the relative surface area of an aggregate to the total surface area of its

constituting elements. Assuming that extrapolating from Euclidean geometry is a
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reasonable first order approximation to estimating the surface area of a fractal aggregate

composed of N,p nanoparticles, this ratio of surfaces becomes:

T[dzzmr,k (t)

Npp (t)mdy; 5.9

C'qrel,k (t) ~

The porous diameter d,,, x(t) is given by Equation (332), giving:

2
2/Dg Dy

Nys 'd% N, 5.0

NdeIZV NPB .

c/‘lre‘l,k ~

where time is omitted for legibility. Ultimately, combining Equations (551), (552), and

(554) yields:

2 6

2
dBdk) D Nsk  \Dy (dp\Ds
9 g e = e (T (T o
( at ) a(Mak —nsi) Ny a (Mo — nsg) —— a4, (5.5)

with kJ an inactivation rate constant requiring calibration.

Concomitantly, the N, nanoparticles attached to each of these bacteria remain
stuck on their inactivated bacterium, which yields the following equivalent numbers of

nanoparticle aggregates:

dN, dB V
( ‘”‘) =< ‘“‘) XNy 2 (5.6)
dt inact dt inact VB

5.3.1.b. Adapting the Surface fraction

Equation (3313) was developed for systems in which nanoparticles collect onto

fractal aggregates. In the case of bacteria however, nanoparticles tend to form localized
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fractal clusters (Figure 5.6). The fraction of a bacterium surface occupied by

nanoparticles becomes the projection of the fractal cluster onto the bacterium surface:

T
f _ 4 dzz)orN
57 nd?

(5.7)

where d,,,,y is the diameter of the fractal cluster composed of N,z nanoparticles, i.e. by

Equation (332):

1/D
dporN = NpB de (5.8)
which yields:
U oy dl 1) nge B (dp\DF
fo=-NIPrIN —(;")Df (—B) ! (5.9)
4 P% dp 4 \ny —nsg dy

5.3.1.c. Modified System of Differential Equations

Each time a bacterium is inactivated in size class k, the model transfers it and the
N, nanoparticles that were attached to it, from nyx to ng,. At the same time, these Ny
nanoparticles are transferred from nsj to ny,. This loss term to ns; and creation to n,

simply is described by Equation (556), yielding:

2
dn7k dTlSk Dr VN
=— =k - N JxN,p— 5.10
( dt )inact ( dt )inact d(n2k n5k) vB pB VB ( )

which, with the expression of N,z from Equation (552) becomes:

dn dn =
7k = - 5") = k9 ng, NI (5.11)
( dt )inact ( dt inact a4 sk Tpb
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The rates of change in ngj, to nyy are the sums of the bacteria and the nanoparticles

gained and lost, respectively, which are obtained by adding Equations (556) and

(5511):
d d ) ; )
Mok N2k Dy Dy o7
( d ) - ( d ) = kq(nax — nsy) Npl; + kg Ny, Npl;: = kg nz Nzﬂg
t inact t inact

(5.12)

In addition to gains and losses due to inactivation, the model also considers

collisions and attachment between inactivated aggregates and free nanoparticle

aggregates. The final system of differential equations therefore becomes:

dnyy 2/D
o= (3316) — kg nay Nog f
dn3k
= (3317
T ( )
dn k
d: = (3318) — nyy Z apnB T, 1y 1, fidne,
i
dnsy 2/Dy
T (3316)" — kI nsy N5
dn6k
dc Z apnB (13, fi Dnginaj + apnB(1, 75, 1, fj)naine
iYi=k
—Ngp Z apnB T, 1, fro Dnai
i
+k3 Nog NjéDf
dnyy , 2/D
o= (5517)" + kg nsi Nog f

where the “prime” superscripts indicate that each term under the gain summation

(5.13)

(5.14)

(5.15)

(5.16)

(5.17)

(5.18)

sign

of the referenced equation is weighted by the volume fraction of nanoparticles within
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the considered colliding aggregates (volume fraction f, = nsy/n, for Equation (5516),
and fy = ny/ne for Equation (5518)). In Equations (5515), (5517), and (5518), apy is
the attachment efficiency between an inactivated mixed aggregate and a nanoparticle,

assumed to be independent of the composition of the colliding aggregates.

5.3.2. Comparison to Experimental Results

We apply the modified model to experimental data from Marugan et al. [179].
The setup consists in prepared 10* CFU.m™3 E. coli suspensions that are inactivated
with different concentrations of Degussa P25 TiO2 suspensions. The authors identify in
their experimental data, reproduced here in Figure 5.7, three typical phases that have
already been reported along with tentative explanations for their physical

meaning [174]:

1) Initial shoulder: slow inactivation due to the gradual oxidization of the bacterial
membrane by the reactive oxygen species generated by the irradiated TiO, in
competition with enzymatic self-repair mechanisms from the microorganism.

2) Log-linear inactivation: the healing enzymes are no longer able to protect the

membrane. In addition, toxic by-products may be generated.
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3) Final tail: explanations include a shielding effect from the high concentration of TiO,

and a competing mechanism of quenching of the reactive oxygen species generated

by the nanoparticles with the lysis material released by the inactivated bacteria.

For our simulations, the diameter of a bacterium was calculated based on the long and

short axes of E. coli, assumed an ellipsoid, and the density of bacteria was assumed

similar to that of water. The average velocity gradient was assumed to be low so as to

not damage the bacteria. The rest of the fitted parameters are presented in Table 5.1.

Table 5.1: Best-fit model input parameters.

Model Parameter Symbol | Numerical Value Source

Average diameter bacteria dg 630 nm calculated
Density bacteria PB 997 kg.m™3 assumed
Average diameter TiO2 dy 100 nm [179]
Density TiO2 PN 3870 kg.m™3 [179]
Average velocity gradient 15571 assumed
Fractal Dimension D¢ 2.5 titted
Bacteria-TiO2 attachment efficiency agp 0.15 fitted
TiO:-TiO2 attachment efficiency agn 0.1 fitted
Inact. B-TiO:z attachment efficiency apn Oor1l fitted
Inactivation rate constant k9 1.1x107* fitted

The simulated inactivation profiles obtained with the heterogeneous aggregation

model are superimposed to the experimental data onto Figure 5.7.
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Figure 5.7: The markers represent photocatalytic inactivation experimental data of
102 CFU.m™3 E. coli suspensions with different loadings of Degussa P25 TiOx.
Experimental figure from Marugan et al. [179]. The superimposed curves are the

corresponding simulation results.

The simulations show good fits for the experimental inactivation profiles,
adjusted R-squared values are all close to 1. Linear regressions were run between
experimental data points and the corresponding simulated result obtained at the same
time point, and the p-value value for each F-test was smaller than 1073. The model
reproduces well the experimental phases of initial shoulder and log-linear inactivation
for the 10 ppm and 50 ppm TiO:2 concentrations. On the other hand, it seems that the
model begins showing a log-linear inactivation phase too early compared to the

experimental data for 2.5 ppm TiO:, and with a shallower slope. Visually, it appears that
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a longer shoulder and the same slope as for the other two TiO2 concentrations would be
a better fit. The final tail experimentally observed in all the inactivation profiles also
seems to not be optimally resolved by the model. The tail starts slightly too early at
50 ppm TiOy, slightly too late at 10 ppm TiO:, and not at all at 2.5 ppm TiO, although at

this lower concentration the mere presence of a tail is not clear in the experimental data

either.
10°GFUL + 2.5ppm TiO, 10%CFUI + 10ppm TiO, 10%CFUI + 50ppm TiO,
03 = 03 —p 02 -
03
o 02 | 0.1
o O . X
[ g w0 o 2 0lo 5 a o
2 0 ® - * E oo
T .4 0 z O & =01
- 0 e 0.2
o a
©
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Figure 5.8: Residual versus fitted value plots for the three simulations.

It is difficult to draw conclusions from the residuals versus fitted values plots
(Figure 5.8) given the small number of data points. The linear trends do however match
the previous observations: shallow log-linear slope and positive trend for 2.5 ppm TiOz;
late tail and negative trend for 10 ppm TiO; early tail and positive trend for 50 ppm
TiO2. Even considering these small excursions from the experimental data, the model
does perform well. It seems reasonable to assume that the mechanisms involved in

heterogeneous aggregation play a role in the shape of the inactivation profiles. Indeed,
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the established kinetic aggregation equations might offer a new mechanistic

interpretation to the three phases of inactivation.

The initial shoulder indicates a slower overall reaction rate when the species are
first mixed. In our model, this is simulated by a combination of the finite rate of
aggregation of the nanoparticles onto bacteria, and an inactivation rate that is modulated
by the number of nanoparticles attached to the bacteria. The short-lived reactive oxygen
species are a lot more effective if the source is in direct contact or close proximity to the
bacteria (aggregated), and the inactivation rates slowly increase as more TiO: aggregate

onto each bacterium.

As inactivation progresses, TiO: particles form larger aggregates, both
homogeneous and attached to bacteria. Aggregation rates, quadratic in the concentration
of colliding objects, become much smaller, especially considering the necessity to
maintain a relatively modest velocity gradient. As a result, N vary relatively slowly,
and the rates of change in the various size classes are driven by inactivation rather than
aggregation which means that, from Equations (5513) and (5516):

d(nax — Nsi) _ 2/Df

dt = —kq(ngp — nsp) Ny (5.19)
which, in first approximation, integrates to:
2/D
Nk — Ns = Agexp(—kg N,p ’t) (5.20)
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Considering in addition that the concentration in unattached bacteria is already very

low in that phase, the log inactivation becomes:

0 ar2/Df
cy Mok —MNsk\ (Ao) kq NpB
log1o (Co) _logl"( Co )_logl" ) In(o) (5.21)

which explains the constant slope in the log-linear regime of the inactivation profile.

Finally, as the bacteria are further inactivated they immobilize more and more
nanoparticles, both the ones that were attached to them and the ones capture via
heterogeneous aggregation with inactivated aggregates. These immobilized bacteria
may still generate reactive oxygen species, but these are quenched by inactivated
bacterial material as they are created. Combined with the slow aggregation rates
between the remaining unattached bacteria and free nanoparticle aggregates due to very
low concentrations, this yields a gradually decreasing inactivation rate, ultimately

leading to the tail of the inactivation profiles.
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CHAPTER 6 — CONCLUSIONS

We present a mathematical model describing the heterogeneous aggregation of
nanoparticles and suspended particles over a range of size and concentrations spanning
most aquatic systems. This model expands upon the one developed by von
Smoluchowski for particle aggregation [9] and previous homogeneous aggregation
models [10, 12]. While a number of simplifying assumptions had to be made to keep the
complexity and computational strain manageable, the model accounts for time- and
size-dependent changes in density, porosity, collision frequency, and attachment
efficiency generated by the progressive mixing of nanoparticles and background

particles.

A series of analytical evaluations indicated a very good agreement, for the
integration of systems with simplified, elementary interaction mechanisms between
particles, between the modeled results and the known closed-form solutions of these
systems. The regression analysis of the ds, from calibrated simulations compared to the
experimentally measured one also revealed satisfying. However, non-random pattern
systematically displayed in the residuals vs. simulated results plots suggested that the
model requires additional parameters to better capture the evolution aggregate size

distribution over time. Given the trend in these residuals, such a parameter could be to
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account for a restructuring of flocs during aggregation [12] — i.e. such that fractal
dimension increases over time as large, dendritic aggregates break down under sheer
and reorganize into denser structure. Despite these residuals patterns, explicitly
accounting for heterogeneous aggregation yields better fits over the entire median size
distribution profile over time than when assuming a homogeneous aggregation of

secondary aggregate [14].

Running simulations with different values of attachment efficiencies predicts
that heterogeneous aggregation would dominate the transport and fate (apart from
speciation) of nanomaterials in complex aquatic environments, which has been
experimentally observed [14, 136, 137, 159]. When varying the concentrations, sizes, and
affinities between background particles and nanoparticles, the model anticipates that
lower concentrations in background particles and a lower affinity between nanoparticles
and background particles accentuates the differences in nanoparticles fate as a function

of their size.

To look further into applications of the model, we modified it to account for the
inactivation of microorganisms by UV-activated, photosensitive nanoparticles. The
alterations allow the model to track populations of live and inactivated bacteria as well
as of nanoparticles attached to inactivated bacteria. Once calibrated, the model was able

to reproduce the experimental data reasonably with one single set of simulation
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parameters and different concentrations of nanoparticles. This suggests that the model
might be providing insights into the actual physical mechanisms involved in the

inactivation process (hypothesis 2).

These applications could make our model not only a powerful tool to add to
larger scale environmental transport and fate models to predict nanoparticle exposure in
aqueous environments or to optimize their removal in engineered treatment systems,
but also an invaluable help to figure out some of the complex, multi-step processes that

aggregation is a part of.
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APPENDIX — MATLAB CODE

The following code is adapted from a Fortan 77 code written by Dr. Mark

Wiesner in 1982-1983 at the John Hopkins University. All units used are S.I. units.

function[ou put] = het eroAgg(par am)
%%

tic
fa mat shortg
dB =paranfl);

sgB =paant2);
rhoB  =parant3);
CB = pa anf4);
dN = parant9);
sgN =paan{6);
rhoN  =paran{7?);
CN = paran{8);
dmax =paanf9);

d phaBB = paan{10);
d phaNN = paran{11);
d phaBN = paranf12);
oo = paran{13);

G = paran{ 14);
Ap = paranf 15);
Q1 = paran{ 16);
Q2 = paran{17);
tl = paran{18);
t2 = paran{19);
T = par an{ 20);
kp = paran{2l);
RdB = par an{ 22);
kd0 = paran{ 23);

as = par an{ 24);
Kmod = par an{ 25);
A
-dB daneter d the pri mary background partides (n)
-rhoB bk density d the background partid es (kg nB)
- CB intid mass concertraion d the background partides (kg nB)
-dN  daneter d the pi mary nanopartid es (m
-rhoN bu k density o the nanopartid es (kg nB)
- CN intid mass concentraion d the nanopartid es (kg nB)
- d phaBB atachnent efidency bet weentwo background partides (-)
- dphaNN atachment €fidency bet weentwo nanopartid es (-)
- d phaBN atachnment effideny bet ween a background partid e and a nanopartid e (-)
- 0,02 fracdd d mension comnmon to dl aggregat esinthe system(-)
-G average vd odty gad ert (1)
- kA mitipie fa thefragnentaionraes
- QL@ weter flow(nds)
-t1t2 firgd and secondirteg aionti neli mts(i.e wthou and wth nano)
-T weter tenperaure(0Q
- kp "pass vaion constant
- RdB
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- kdO death constant fa bact eri d/vird i nacti vati on
- 3S codfidert toinoreasethei npact o each atached NP onthe eff ecti ve surface fraci on
- Knmod per neability nodd: Odlueli mt

1 Happd (1958)

2 HKKR - Howells (1974), Hnch (1977), K m & Russd (1985)

3 Ned & Nader (1947) - recursive

4 Binknman (1947)

5 Happd & Brenner (1991) - Kozeny- Kar man equation

6 Jackson & Janes (1946)

7 Davi es (1952)

%

% physicd constant usedinthe s mu &ions

g =9 80665, %Earth gavtdiond accd eraion (nis2)

kB =1 38066e- 23 %Bdtzmann' s constant (J K a kg n2/s2/ K

ANN =21 5e-20, Yvd uefa T Q2 weter/ T Q2 (J)

ABN =4 14e- 20, %vduefa S Q2 weter/ T Q2 (J)

ABB =0 16e- 20, Y%vduefa S weter/ S Q2 (J)

rhow = 999 85308 + 0. 0632693*T - 8 523829e-3* T"2 + 6. 943248e-5*T"3 - 3 82121e- 7* T4 %densty d wet er
(kg mB) with Tin coC(Jones and Harris(1992))

T =T+ 27315 %wet er tenpera ure ©©C-> Kconvers on

mu W =exp(578 919(T-137.546) - 37188)/1e3 ~ %dynanic viscosity o weter (Pas o kg nis) vith Tin K(Vogd
equation) (ader: 894 Pas)

t2x =30"60, %ti ne it takes to doul ethe bacterid popd aion(assune e cdi)

% common § mu aion paraneters

Ncl ass =100 %nunber o aggregat e s ze d asses, 50 when debugg ng, 100+t o gener & e puldi caion gaphs (-)
resf =100 %resd uion o the vd unme fragion o NP bnnng (-)

threshdd =1e-4  %convergence threshd dinfixed pa rt iteration

tdep0l =1e-3 Y%irtid irtegrationti me stepinthefirg rouine (1type o partide) (9)

tdep02 =1e-3 %irntid irtegraionti ne stepinthe second rouine (2types d partides) ()

tsepMax = mn(600,(t1#2)/60); Y maxirteg aionti ne step (s

m nlrt =1le3 % i mumfracdion o apartid ethe sd vers cons der
epslon =1e-20 %mn mumvd ue fa seup cdcd aions

A

naes

-increasing Nd ass will g grificantly 4 owt he code down: baththeirntid set up and eachloopintheirteg aiontake
| onger

-increasingresf, onthe aher hand orly nakestheirtid set uplonger (whchis orly done once)

- alarger convergencethreshd d does na necessarily nean the overdl code runs faster

%
%%
%=
%
% SYSTEM SETUP %
%=
%
% - %
% CQreatelogvdune dass ddribuiontad es %
% - %
VB =p*dB*3 §
NB = CBrhoB VB
VN =p*d\'\3 6
NN = CNrhoN VN
VB =p*dB*3 6
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%firs dnring (B woud get sditintwo dze dasses via kinnng)

Vst ep =(10g10( g *(dmax”3)/ 6)-l oglQ( VN)/( Nd ass- 1);
M og =l 0gl0( VN H G Nd ass-1)' *\&t ep;
posB =findl og10( VB >=M og, 1,'l ast');

%recdcdae \step suchtha Bs dl goinone sze dass (avd ds sgdittingintid Bintwo sze dasses):

Vstep =(1og10( VB -1 og10( VN)/(posB- 1);

if 10MVstep < 2fresf/(2resf-1) %rare case whenresf is so coarsetha a Bcan nove up a dze dass by accumul aing Ns
whil e gayinginthe cd umm fv=0

keyboard %you d haveto have VB very doseto VN o veryfews ze dasses, o avery sl resf -- it
m ght never happen
end
dstep =\step 3

%recdcuae [dnning based onthe new Vstep:

M og =l 0g10( VN H 0 Nd ass-1)' *\st ep;

Vsd =10V og

Vsd (1) =VN %@di mnati ng pdertid round ng eras
Vsd (posB =\VB %di mnating patentid round ng erra's
dsd =(6*Vsd/g).NY3);

dsd (1 =dN

dsd(posB =dB

% porous d aneter ddri buion as afunction d vd une o nunber fracti on
if t2==0, resf =0, end

ot = O 0*ones(1,resf +1);

f =Q VUres: J;

dpor =(dsd."3* (f.*dN O-3 +(1f).*dB~(DO-3)).(1/DO); %vdune fradion peered
dpor(2 posB- 1, Lresf) = dsd (L posB-1)*ones(1,resf);

dpor(posB 1) =dB

% s ze ddribuion o B

NBdi st =exp(-(dsd (:, )-dB."2(2*s gB*2))'; %no needfor the prefadtar, it gets nor meli zed
Vchk = NBd st.*\sd'/ NBd st(posB/ VB %nor melized vd une d tri buti on

NBd st(Vchk<le-6) =0 %renove wha'sin nmuch snalle vdune than main peak Irtegraes ALOT eas er. Nojoke
NBdi st = NBd st/( NBd st*\sd )*( VB* NB); %ensures carect tad intid Bvd une
posBm =find( NBd <, 1); %position o thefird non-enpty sze dassin NBd st

%szeddribdiond N

NNdi st =exp(-(dsd (:;, )-dN.~2(2*s gN\*2))';

Vchk = NNd st.*Vsd'/ NNdi s£( 1)/ VN

NNdi st(\Vehk<le-6) =0

NNdi st = NNd st/( NNdi st*Vsd )*(VNFNN);

% - %

% Cal cd a e cod esced vd une tal es and aggr egat e parous density %

% - %

por FCC00 =1-[d/3sqt(2; %porosty o densest (i.e fco) possibl e arangenent o patides
por FCC20 =1-a/3sqt(d-(1-p/Isqgt()*p/Isqat(?); %densdy packed Ninthe vd ds o densey packed B(ths
opti el vd uefor fV=20.6%

por FCQ(f<=0.2) = par FCCOO0 + (por FCC20- por FCCO0)/ (0. 2-0)*( Lfind(f<=0. 2 1,"l ast"));

por FCQ(f>=0. 2 = por FCC20 + (por FCC20- por FCCOO) *(f(fi nd(f >=0. 2, 1): end)-0 2)/(0 2- 1);

por FCC = ones( Nd ass,resf +1)*d ag( por FCO);

kO =05
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Vpor =(@*dpor.”3)/6

por =1- (\sd*ones(1resf+1))./ Vpor;

por(por <por FCQ = por FCQ por <por FCC); %snell est porosty d aggrega esistha o FCCl dtice
por(posB 1) =0 %porosty d 1 Bpatideis O

por(1,:) =0 Y%porosity o 1 Npartideis 0

ph = k0*(1- por); %sdi dfraction wthn an aggregat e

rhoP =por*rho W+ (1- par).*(ones( Nd ass, 1)*(f*rhoNH 1-f)*rhoB));

% recdcdae Vpor and dpor to account fa FCC be ngthe densest posside

Vpor =(Vsd *ones(1resf +1))./(1- por);
dpor =(6*Vpor/d).NV3;
dpor(1, end) =dN
dpor(posB 1) =dsd(posB);
dea pa FCC
% - %
% Cal cU & e per neahility based on chosen nodd %
% - %
% Dlueli mt nodd from Happe and B enner (1991) - nost o the dher ones are based onit
drecmean =1/(ones( Nd ass, D*(f/ dNH 1-f)/ dB); %red procd mean pri mary partid e d amet er
KDL =decnean. ~2/ph/ 18
swtch Knod
case 0 K =KDL, %dluelimt
case 1, K = KDL *(6- 9 phi. (1 3 +9*ph. (5 J-6ph."2D)./(6+4*phi. (T J)); % Happe (1958)
case 2 K = KDL *(1 + 3*sqrt(phi/2 + (135 64)*ph." og(phi) + 16.456*ph); % Howells (1974), Hnch (1977), K m

and Russd (1985)
case 3 %recurgonfromNed and Nader (1947)
a=sqt(9ph/2; %equvdert tor/sgt(KDL)

ddtakK
whle ddtakK > 1e-6
b =al/ph.NV3);
X =4(-6*h"6- 21*b."5- 45*h. " - 45¢h. "3 + 5*h M *a "2 +5*bh."3*a2 +h*a5 +a”b)...

J(-4b"6- 24*h "5 - 180*h "4 - 180*h. A3 + 9*h A5 *a + 45*h "4 *a - 10th ~3*a 3 + 180*h. "3 *a -
30*b."2*a "3 + Fh*a"5- 4a”"6 + Farh),;

ddtak =abs((sat(9ph.*x/2 - a./3);
ddtaK(l:) =0
ddtaKposB1 =0
ddtakK = max( max(ddtak));
a =red (sqt(9ph.*x/2);
end
K =(1/(ones( Nd ass, 1)*(f/ dNH 1-f)/ dB)./ 8.2
dear addtaKx b
case 4 K =KDL*(1 + 3*ph/4*(1- sgt(8/ph - 3J)); %Binkman (1947)
case 5 K = KDL *(1- ph).~3/(2*5*ph); %Kozeny- Carman equation (nmodfiedtofactar KDLin) - Happd
and Brenner (1991)
case 6 K = KDL* 27/ 40.*(-] og(phi)-Q 93D); %Jackson and Janes (1946)
case 7, K = KDL*9 32./ (ph. (Y 2.*(1+56* ph.3)); % Davi es (1952)
end
dea KDL
K(1:) =0 %49 nd e partid es, no per neahlity
K(posB 1) =0 %s nd e partid es, no per neahility
K( K<epsil on) =0
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% Bri nk man s equati ons

X =(dpor/ ./(KN 1 2);

tX =1-tanh(X./ X

J = 2XN2 + 3 X

eta =9t X/, %raiod fludgdngthroughthe aggregatetotad flud approach ng
omega =(2*X"2.*tR./3 Y%rdiod fridion on

onega(i snan(onega)) =1 % nat hemeticd |i mt d omega when X > rf

if a(na(isenpty(ea e a<0)),na(isenpty(omegalonmega<0))))
dsp( erorinper neahlity cd cu &ions)
keyboard

end

dea JtX Xdecnean

% - %

% Cal cd @ eter mnd settling vd odties %

% - %

S okes =(dpor.~2) .* ((rhoP-rhoW*g 18 nu W .* ph;

S okesP =(dpor.”2) .* ((rhoP-rho W*g¢ 18 nu W/ onega) .* ph;
% - %

% Cadcuaecdlisonraes (bea coefiderts) %

% - %

% - coeffidert tald es from Han & Law er (1992) and Thll & d. (2001) to cared equati ons descriing cdlisonraes -- %
Abr =zeros(10,5);

Abr(:,1) =[.1.2.6126 1020 60 200/*1e-6

Abr(:,2 =[1025 1007 0976 0 962 0.943 0.916 0905 0 891 0.871 0. 863;
Abr(:;,3 =[0626 0860 1155 1263 1383 1533 1587 1658 1739 1775;
Abr(:,4 =[0516 0870 1342 1522 1725 1991 2 087 2221 2 371 2 439;
Abr(:,5 =[0152 0322 0554 0645 0 748 0 887 0936 1 009 1 090 1 125];
Ads =zer0s(9 5);

Ads(:,) =[0-1-2-3-4-5-6-7-40]; %red aced -irf by-40

Ads(:,2 =[0840 1320 1757 2152 2505 2 815 3084 3 310 3 928;
Ads(:,3 =[0445 1318 2137 2880 3 547 4 137 4 652 5090 6 423;
Ads(:,4 =[1069 2170 3229 4232 5186 6088 6 940 7. 742 9 449;
Ads(:,5 =[0930 1361 1794 2230 2668 3 108 3 551 3 996 4 614);

Ash =zeros( 10, 5);

Ash(:,) =1-1-8

Ash(:,2 =[2123252834456279931085;

Ash(:,3 =[36365384362597150205250290;

Ash(:,4d =[25252881396511018225331L0355;

Ash(:,5 =[080811211552645771071311486;

%- Conmpute cdlisonraesfa dl szes and NP conpositions o aggregat es -- %

% no beta vd ues above Nd ass, if aggregates get tha lage dmax mght needto beincreased
betaRec =zeros(Nd ass, Nd ass,resf +1,resf +1);

betaCur =zeros(Nd ass, Nd assresf +1,resf +1);

betaPor =zeros(Nd ass, Nd ass,resf +1,resf +1);

betaT =zeros( Nd ass, Nd ass,resf +1,resf +1);

fo fi=lresf+1
dpori =dpor(;,fi)*ones( 1, Nd ass);
rhoR =rhoR(:,fi)*ones(1, Nd ass);
Sokes = S okes(:,fi)*ones( 1, Nd ass);
S okesRH = S okesH:,fi)*ones(1, Nd ass);
& aXdpori =(sot(ea:,fi)).*dpor(:,fi))*ones( 1, Nd ass);
fa fi=lresf+1
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%setup pu dl the variad es neededintherdevart natrixfa m

dporj
rhoR

S okeg
SokesH
e aXdporj
Aj

dpor Sum
dporLg
Rdpor

=ones( Nd ass, D *dpor(:.fj)’;
=ones( Nt ass, 1)*rhoR(:,fj)’;
=ones( Nd ass, )* S okes(:,fj);
= ones( Nd ass, )* S okesH(:,fj);
=ones( Nd ass, D*(sat(e a:,fj)). *dpor(:,fj))';
=f(fi)*(fi)* ANN + (21-f(fi))*(2-f(fj))* ABB + (f(fi)*(21-f(fj)) #(fj)*(2-f(fi)))* ABN %average Hamaker coeffid ert

= dpori +dporj;
= max(dpori, dparj);
= mn(dpori, dparj)./dporLg %raiod the snelest tothelagest aggrega efor every par

Rdpor(1- Rdpor <le-10) = 1;

rhoPLg

=rhoR.*(dpor Lg==dpori) +rhoH.*(dpor Lg==dparj) - rhoH.*(dpor Lg==dpori &por Lg==dparj); %density

of thelargest d thetwo aggrega es (aidnd fa mi a&ion thelagest is dsothefastest setling when onl'y one rho)

rhoPSm
rhoPVavg
aggregat es

=rhoR + hoR-rhoPLg;
=(rhoR.*dpori.”3 +rhoR.*dporj.”3)./(dpori.A3+dporj.~3); %vd unme averaged density d thetwo

%r ectilinear beta <ra ghtfor ward

betaRecE
bet aRec SH
bet aRec DS

=2*kB*T 3 mu W* dpor Sum*(1/dpori + 1/dporj);
= @ 6*dpor Sum”3;
=p/4*dpor Sum~2.* abs( Sokes - Sokes);

%cu\linear beta caredionsto betaRec based on coeffid ert tad es - extrapd aion et hodis spedficto eachtald e

rowAbr
corfg

rowAsh
cor SH

=intepl(logld( Abr(:, D), Ar(:, 2 5),l ogl0(dpor Lg),'li near'," extrag);
=rowAbr(:,:, 1) +rowAbr(:,;,2.*Rdpor +rowAbr(:,:,3.*Rdpor.” 2 +rowAbr(:,:, 4.* Rdpor."3
=inerpl( Ash(:, 1), Ash(:, 2 5,1 og10( ABB/(18*p* mu W* G dpor Lg "3)),'linear',' extrap);
=8/(1+Rdpor).”3.* 10 \rowAsh(:,:;, ) +rowAsh(:,;,2.*Rdpor +rowAsh(:,:, 3.*Rdpor.~2 +

rowAsh(:,:, 4.* Rdpor."3);

Ny
rowAds

car DS
Ngj

=(48* Aj/p/g./(rhoPVavg-rho W./ dpor Lg ~4

=irterpl( Ads(:, 1), Ads(:, 2 5,1 og10( Ng)," pchi p);

=10.rowAds(:,:, 1) +rowAds(:,:, 2.*Rdpor +rowAds(:,:,3.*Rdpor.”2 +rowAds(:,:,4).* Rdpor.*3);
=(48* Aj/p/ g/ dpor Lg 4./ abs((rhoPLg-rho W-(rhoPSm-rho W. * Rdpor.2).*(1-( Rdpor <1).* Rdpor.*2);

Ngijisnan( Ngij)) = Ne(i snan( Ngij);
NgjS Tf(RG]) = No(is rf( NGi)));

rowAdsj
car DSj

betaQur B
bet aCur SH
bet aCur DS

=irterpl( Ads(:, 1), Ads(:, 2 5),1 og10( Ngij)," pchi p);
=10 rowAdsij(;,;, ) +rowAdsij(;,:, 2.*Rdpor +rowAdsij(:,:,3.* Rdpor.~2 +rowAdsij(;,:,4.* Rdpor.*3);

=carB.*betaRech;
=corr SH*bet aRec SH
=car DSj.*bet aRec DS

%Il rter med ary beta flowline parti dly go through porous aggr egat es

bet aPor B

=2kB* T3 nuW* (dpor Sum) .* ((1/(dpor(:,fi).*omega(:,fi)))*ones(1, Nd ass) +

ones( Nd ass, 1)*(1/(dpor(:,fi). *onega(:,f))));

bet aPor SH
bet aPor DS

= @ 6*(e aXdpori +et axXdporj).”3
=p/4* (etaXdpori +& aXdporj).~2.* abs( S okesH - S okesR);

be aRec(:,:,fi,fi) =betaRecB + betaRecSH + bet aRecDS
betaQur(:,:fi,f =betaCurB +betaCur SH + betaCur DS
bet aPor(:,:,fi,fi) =betaPor B + betaPor SH + bet aPor DS

bet aT(:,:,fi.fj)

end
end

= max(bet aPor B, bet aCur B) + max(bet aPor SH bet aCur SH + nax(bet aPor DS bet aCur DS);

dea betaPor* betaQur* betaRec* corr* rowA* Ng* * % dpor Sum dporLg Rdpor
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% - %

% Genera e netrices d transfer and d fradtionation %

% - %

preMat = \sd*ones(1 Nd ass);

preMat  =preMdt HreMat';

agg Mt = mn(Nd ass, cal((logl0( pre Mat)- 0glO( VN)/ V&t ep));

fAgor Mt =(Vsd (nmin(aggr Mat +1, Nd ass))-preMat)./(Vsd ( mn(aggor Met +1, Nd ass))- Ved (aggr Mat)); %each vd ueinthe
matri x carresponds tothefradiontha rensa ninthetarget dze dass
fAgor Met(aggr Mat >=Ndl ass) = preMat (aggr Mat >=Nd ass)./ Ved (Nd ass);
aggr Mt =tri u(aggr Mat);

fAgor Vet =tri uf Aggr Met);

dear \&ep prelat
dear XJdconega ga

% - %
% Cal cd aefragnentaionraes %
% - %

% conput ed from Spicer and Rrasns(1996)
Aprime = Ap*0.0047, 9%0.005*330, %~0.0047

y =16

fragRate = Apri me* G'y * \por. 1 3);

fragRate(1 end) =G Yrae=0fa snde Bs

fragRat (1 posBm L end-1) =0Q

if resf ==

fragRate(1 posBm 1) =0 %case d pudy honogeneous aggr egati on
end

SokesR:,:) =0  %comment/uncomment to add'renove settling
%%

Y%=

%
% I MPLICIT EULERINTEGRATION %

%=

%
oupu =zeros(l Ndass+l,7); %9layersinthe ouput netrix #lthetdal nunmber d aggregatesin each sze dass,

% #2thetad nunber d nixed aggregat es,

% #3the nunber d pur e background aggrega es,

% #4the nunber d pu e nano aggrega es,

% #5the equ vd ent nunber o nano aggrega esinthe mixed fracti on
% #6the equivd ent nunber o dead bact eri a aggr egat esinthe mxed fracti on
% #7the equ vd ent nunber o i mohilized Ninthe m xed fracti on
track =zeros(11, 1);

n =zeros(7, Nd ass);

n(L1:) = NBdi &;

oupu(l2Ndass+,1) =n(1 1L Ndass);

VB a =n(1:)*Vsd;

ttad =0

t =Q

%%

if t1>0
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%==

%

% Routine 1- Irtegrae n(t) wth background patides only %
Y%==
%

tsep =t ep0lL

n1:) =n(1:) + NBd st* Ql*tstep

oupu(l 2 Ndass+l, 1) =n1:);

VB o =VBa + NBd st* Ql*tstep* Vsd;

maxLoop =25 % max nunmber d loops for fixed-pad rt iteraion

| oopTar get =10,

loopTarget nin =3
loopTarget max =10
|oopTarget mit =099

sedAl =0 %1todlowsettling

ré Sed_B =0 %Jltordrtroduce setled aggregat es
betaTB =squeeze(betaT(;,:, 1 1);

whlettad <1

t =t+1

% | ntidizefixedpartiteraion wthn0=n(t) - %

nk =n(1:);
ddtaR =1
| oopN =0
tsep0 =tsep

% Itera e dff. eq on il = Nt+d)(K urtil it converges - %
whle ddtaR >threshd d %test convergence d fixed-pd rt iteréion

| oopN =l oopN+1;

tsep =mntstep, ¥ max( max(fragRat gfi nd(nk), 1)), nmax( S okesP(fi nd| NBdi &), 1))));
nBpos =zeros(1, Nd ass);

nBneg =zeros(1, Nd ass);

% Cdcdaef(Nt+d)(K) - ganby aggregation d sndler dze dasses
fa k = posBm Nd ass
[i,j] =find(aggr Mat ==k);
fa x =findj)
frag =f Aggr Mt (i(%).j (¥);
dphabetaBB =d phaBB * bet aTB(i(X) +Nd ass*(j (- 2))*nk(i (X)) *nk( (X));
ifi(¥=5(9
d phabet aBB = d phabet aBB 2
end
nBpos(K) =nBpos(k) + d phabet aBB * frag
if kK< Ndass
nBpos(k+1) =nBpos(k+1) + d phabet aBB * (1-frag);
end
end
end

% Cdcdaef(Nt+d)(K) -1oss by aggregaionto alager sze dass
fa k =find(nk)
fai =find nk)
dphabetaBB =dphaBB * betaTB(k+Ncl ass*(i-1)) * nk(K)*nk(i);
nBneg(Kk) =nBneg(k) + d phabet aBB
end
end
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% Cdcdaef(Nt+d)(K) - breakup and reorgan zaionto netchthe d stribuion o what's sndler

nBrag =nk*ragRat e(:, 1'; Y%nunber o aggregat esthat break downinevery dze d ass

nBset =nk*SokesH:, 1) * sedAl; %nunber d patidestha sed nent ou o the weter cdummin every sze
dass

nB e =zeros(1, Nd ass);

fa k =find nBset +nBfrag)
nBef0 =(nBrag(K) + nBset(K*re Sed_B*Vsd (K * nk(posBm k-1)/(nk(posBm k- 1)*Vsd (posBm k- 1)); %
mat ches the vd une d gri bution of what's snall e
nB e Qi snan(nB e 0) =G
nB ef (posBmk- 1) =nBe(posBmk-1) + nBeQ
end

%updat e nkd us1

nkd us1 =n(1:) +tsep*(nBpos+nB & -nBneg nBrag nBset);

Vehk =abs(nkp us1).*Vsd'/ VB

nkd us1( Vehk<nini rt) =Q

ddtaR = abs((nkp us1-nk)./nk); %rd &iveter mon wh ch convergenceistested & the beg nring o thel oop
ddtaR =ddtaRi inte(ddtaR);

ddtaR = max(ddtaR ddtaR~=1)); %ddtaN=1 neans a dze d ass d sappeared, whchisfine bu shod drit be

accourtedforinddtaN

if fi nd(i snan( nkd us1)) %ths worlt resd veitsdf url ess we stat over ->raritidize wth sndl er ti ne step

ddtaR =1
nkdusl =n(1:);
tstep =tsep 0.6 %no niri mumli nit totstep here if the systemis so steeptha it requres atiny

increment, dther le it (tstep wil increase anyway) o figue out wha could be wongintheintid condtions.
dsaf ddtaR<=threshd d && any(fi nd( nkd us1<0Q))
ddtaR =1,
if mod(l oopN nmaxLoop) ==
tdep =tgep* mn(nk(nkd us1<0)./(nk(nkd us1<0)-nkd us1( nkd us1<Q)));
nkdusl =nk
end
dsdf ddtaRst hreshd d & nod(l oopN maxLoop) ==0
tsep =tsep*0.2
loopTarget =loopTarget mn +loopTar get mit*(l oopTar get-l oopTarget mn);
end
nk =nkd usl
end

%upda e vd unes

Ve a =VBa +(NBd st-nk)*Ql*Vsd *tsep - nBset*Vsd*tsep*(~e Sed_B); %renove BG partid estha fl ow out
n1:) =nk

carB =abs(VB @ - n(1,:)*\sd)/ VB d;

ttad =—oupu(t,1l +tstep

oupu(t+l,:,1) =[ttad n(1 L Nd ass)];

tsep =mn{tstep*(1 + 9 gn(l oopTar get-loopN* min(0 9 Q 01*(I oopTar get-l oopN *2)), tst ep Max);

loopTarget =loopTarget + (1l copTar get mit)*(l oopTar get max-l oopTar get);

dsp([t round(t st ep*1000)/ 1000 round(tt at d/t 1*10000)/ 100 | copN| oopTar get tsep'tsep0 car B);

end

tl =ttad;

oupu(:,:;,3 =oupu(,:;,D);

dsp([t round(t st ep*1000)/ 1000 round(tt at d/t 1*10000)/ 100 | copN| oopTar get tsep'tsep0 car B);
end
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%%
ift2>0

%==

%
% Routine 2- Integae nt) wth nanopartid es %

%==

%
%(repea d the output matrix descri i onfrom Routine 1)
%10l ayersinthe ouput natrix #lthetdd nunmber o aggregeatesin each dzedass

% #2the nunmber o live mxed aggr ega es
% #3the nunmber d pure background aggr egat es
% #the nunber d pure nano aggr ega es
% #5the equivd ent number d Naggregat esin #2
% #6the nunber o dead nmxed aggrega es
% #7the equivd ent nunber o Naggrega esin #6
tBP =t-1;
tsep =tstep02
oupu(,,d =oupu(,:,d;
n3:) =n(1);
ou put(t+1, 2 Nd ass+1, 1) = out put(t +1, 2 Nd ass+1, 1) + NNd st(1 Nd ass);
n(1:) =n(1:) + NNd st;
ou put(t+1, 2 Nd ass+1, 4) = out put(t +1, 2 Nd ass+1, 4) + NNd st(1 Nd ass);
n(4:) =n4:) + NNd &;

% n2:) =n(1:) - n(3:)- n(4:); %2ndlinethe # d mxed aggrega es: there shod d be none a ths pant
VB a =n(3:)*Vsd;
VN o =n(4:)*Vsd;
M a =VBad +VNa;
maxLoop =25 % max nunmber d loops for fixed-pad rt iteration
| copTar get =10

loopTarget min =3
loopTarget max =20,
|oopTarget mit =099

sedAl =0 %21to dlowsettling

rd Sed_B =Q %Jltordnroduce setled B aggregat es
re Sed_N =0 %Jltorarnroduce setled Naggrega es
rdSed_M =0 %Iltordrroduce settled Magg egat es
cdfVv = ones( Nd ass, 1);

whlettad <142
t=t+]

% I ntidizefixedpadrtiteraion wthi0=n(t) - %

nk =n
ddtaR =1

| oopN =0
tsep0 =tdep

% Itera e dff. eq onnil= Nt+d)(K urtil it converges - %
whle ddtaR >threshd d %test conver gence d fixed-pa rt iteréion

| oopN =l oopN+1;
if Ap|| sedAl
if any(nk(3:)>0)
tstep = mntsep mn(Y max(fragRat e(nk(3:)>0, 1)), sedAl/max( S okesR(nk(3:)>0, 1))));
end
if any(nk(4:)>0)
tsep =mntsgep mn(Y max(fragRat e(nk(4:)>0, end)), sedAl/ max( S okesR nk(4:)>0, end))));
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end

if any(nk(2:)>0)
tsdep =mntsep mn(Y max(fragRat e((fi nd(nk(2:)) +Nd ass*(cd f \( nk(2:) ~=0)'-1)))),
sedAl/ max( S okesH(fi nd(nk(2 :))+Nd ass*(cdf  nk(2:)~=0)'-1)))));
end
end
nMpos =zeros(1, Nd ass);
niheg =zeros(1 Nd ass);
nMrag =zeros(1, Nd ass);
nMset =zeros(1 Nd ass);
nM ef =zeros(1, Nd ass);
nnMpos =zeros( 1, Nd ass);
nnvheg =zeros(1, Nd ass);
nn M ef =zer0s(1, Nd ass);
npBpos =zeros(1 Nd ass);
npBneg =zeros(1 Nd ass);
npBrag =zeros(1 Nd ass);
npBset =zeros(1, Nd ass);
npBr ef =zeros(1, Nd ass);
npNpos =zeros(1, Nd ass);
npNheg =zeros( 1, Nd ass);
npNrag =zeros(1 Nd ass);
npNset =zeros(1, Nd ass);
npN e =zeros(1 Nd ass);
nDpos =zeros(1, Nd ass);
nDneg =zeros(1 Nd ass);
nnDpos =zeros(1, Nd ass);
nnDneg =zeros( 1, Nd ass);
NoA = max(0,(nk(5:).*Vsd'/VN./nk(2:)); %nunber o avalald e N per live aggrega ein each sze d ass
NoB = max(0,(nk(5:)./(nk(2:)-nk(5:))))*VB VN %nunber of Nperlive Bineach sze dass
NoR(is rf(NoB) =0
fv =nmn(1, max(0,(nk(5:)./nk(2:)))); %vdune fradion d Ninthelive mxed agggrega es (" max"' tu ns dl the
NaNirto 0s)
fdv =mn(1, max(0,(nk(7,:)./nk(6:)))); %vdune fraciion d Ninthe dead mixed aggr egat es
cdfVv =round(resf*f \j +1;
cdfdv =round(resf*fd\) +1;
% fS =mn(05 GS* NoBN2 O0)*d\N2 4dB2);
if CN>le-3
fS =mn(1, GSfV*dsd/dN4*(dsd.1-3/0(cdf\)').*(fV*dN N O(cdf\)'-3 +(2-F\).*dBN O(cdf V' -3).X-
1/0(cdf\)))."2;
dse
fS =mn(l GS*f\V/(1-f\y*dB 4dN;
end
% fds =fd\,

% Cdcdaef(Nt+d)(K) - ganby aggregation d sndler dze dasses

fa k=1 Nd ass
[ijl =findaggr Mat ==k);
fa x=findj)

frag  =fAggr Mat(i(x).j(¥);
rhd =cdf\i(%);
rhod  =cdf \{j(X);

% rhdd =cdfd\i(x);

% rhodd  =cdfd\j(x);

dphabet aBB = d phaBB * betaT(i(¥),j(¥), 1, 1) * nk(3i(¥)*nk(3j(X);
d phabet aBN = d phaBN * bet aT(i (X),j (X), 1 end) * nk(3i(xX))*nk(4j(x));
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d phabet aBM = ((1-f §j(x))*d phaBB +f §j(x))*d phaBN * betaT(i(x).j(x), Lrhod) * nk(3i(x))*nk(2j(X));

d phabetaNB = d phaBN * bet aT(i(x),j (X), end, 1) * nk(4i(X)*nk(3j(X));
d phabet aNN = d phaNN * bet aT(i (X),j(X), end, end) * nk(4i(x)*nk(4,j(X);
d phabet aNM = (f §j(¥))*d phaNN + (1-f §j(X)))*d phaBN * bet aT(i(x),j (X), end,rhod) * nk(4i(x)*nk(2j(X);

d phabetaMB = ((1-f Si(x)))*d phaBB +f Si(x))*d phaBN * betaT(i(x),j(x),rhd, 1) * nk(2i(x)*nk(3j(X);
d phabetaMN = (f Si(¥)*d phaNN + (1-f Si(x))*d phaBN * bet aT(i(X),j(¥),rhd, end) * nk(2i(xX)*nk(4j(X);
d phabet aMM = (f i (X)*f S (¥)*d phaNN + (1-f K (X))*(1-f j(¥))*d phaBB + (f j (X)) # Si (X)-
2 Si(x)*f Kj(x)))*d phaBN ...
* betaT(i(x),j(x),rhd,rho) * nk(2i(x)*nk(2j(x);

d phabetaM = d phabet aBN + d phabet aNB + d phabet aBM + d phabet aMB + d phabet aNM + d phabet aMN +
d phabet aMM
d phabetaM =(d phabet aBNFVsd (j(X) + d phabet aNB*Vsd (i(X) ...
+ d phabet aBM Vsd (j(X))*f j(¥)) + d phabet aMB* Vsd (i (X))* i (X)) ...
+ d phabet aNM ( Vsd (i(x)) +Vsd ((X)* Wi (X)) + d phabet aMN*( Vsd (i (%))*f Wi (X)) +Vsd ((X)) ...
+ d phabet aMM( Vsd (i (X))*f i (X)) +Vsd ((X)*f Mj (X)) -..
1 (Vsd (i(x) +Vsd ((x));

%t hese 4lines ded withthe aggregaion d Nand dead aggregates
d phabetaND = 0* betaT(i(X),j(X, end rhodd) * nk(4i(X)*nk(6j(X);
d phabetaDN = 0* betaT(i(X),j(¥,rhd d end) * nk(6i(X)*nk(4j(X);
d phabetaD = d phabet aND + d phabet aDN
d phabetald =(d phabet aND*( Vsd (i(X)) +Vsd (j(X))*FdMj (X)) ...
+ d phabet aDN¢(Vsd (i (X)) *f d\Mi (X)) +Vsd (X)) / (Vsd (i(X)+Vsd ((X));

ifi(¥)=5(X) %cdlisons o aggregates bd ong ngtothe same dzed ass are countedtwceinthel oop
d phabet aBB = d phabet aBB 2
d phabet aNN = d phabet aNN 2,
d phabetaM = d phabetaM/2
d phabetaM = d phabet aM/2
d phabetaD = dphabetaD/2
d phabetad = d phabetali/2
end

%updat e creaionraes

npBpos(k) =npBpos(k) + dphabetaBB * frag

npNpos(K)  =npNpos(k)  +d phabet aNN * frag

nMoos(k) =nMos(Kk) +dphabetaM *frag

nnMpos(K) =nnMoos(k) +dphabetaM * frag

nDpos(k) =nDpos(k)  +dphabetaD *frag

nnDpos(K) =nnDpos(k) +dphabetall *frag

if k< Ndass
npBpos(k+1) = npBpos(k+1) + d phabet aBB * (1-frag);
npNpos(k+1) = npNpos(k+1) + d phabetaNN * (1-frag);
nMpos(k+1) = nhpos(k+l) +dphabetaM * (1-frag);
nnMpos(k+1) = nnMoos(k+1) + d phabetaM * (1-frag);
nDpos(k+1) =nDpos(k+l) +dphabetaD * (1-frag);
nnDpos(k+1) = nnDpos(k+1) + d phabetal * (1-frag);

end

end
end

%- Cdcdaef(Nt+d)(K) -10ss by agoregation d sndler dze d asses
fa k =find(nk(1,:))
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fai =find(nk(1,:))
%i nd ces carespond ngtothefradion d NPinthe cdlid ng nixed aggr egat es
rhoK  =cdf (K);
rhd =cdf \i);
rhoKd =cdfd\Kk);
rhdd =cdfd\Ji);

d phabet aBBe = d phaBB * betaT(k,i, 1, D * nk(3 K*nk(3i);
d phabetaBNe = d phaBN* betaT(ki, 1, end) * nk(3 K *nk(4i);
d phabetaBMe = ((1-f Si))*d phaBB +f Si)*d phaBN * betaT(k,i, 1,rhal) * nk(3 K)*nk(2i);

d phabet aNBe = d phaBN* betaT(k,i,end, 1) * nk(4 K*nk(3i);

d phabetaNNe = d phaNN * betaT(kii, end, end) * nk(4, K)*nk(4i);

d phabetaNMe = (f Si)*d phaNN + (1-f Si))*d phaBN * betaT(ki, end rhd) * nk(4 K*nk(2i);
% d phabet aNDe = 0* betaT(ki,end rha d) * nk(4 K*nk(6i);

d phabetaMBe =((1-f SK))*d phaBB +f K *d phaBN * betaT(ki,rhoK 1) * nk(2 K*nk(3i);

d phabetaMNe =(f SK)*d phaNN + (1-f Sk))*d phaBN * be aT(ki,rhoK end) * nk(2 K)*nk(4i);

d phabetaMMe = (f YK *f Si)*d phaNN + (1-f K))*(1-f Ki))*d phaBB + (f S k) # Si)-2f Si)*f K))*d phaBN *
bet aT(k,i,rhoK rhd) * nk(2 K)*nk(2i);

d phabet aBe = d phabet aBBe + d phabet aBNe + d phabet aBMg;

d phabet aNe = d phabet aNBe + d phabet aNNe + d phabet aNMe; % + d phabet aNDe;

d phabetaMe = d phabet aMBe + d phabet aMNe + d phabet aMMe;

d phabetaDe = 0* be aT(k,i,rhoKd, end) * nk(6 K)*nk(4i); %oy oneirteradionleadsto aloss d Dvia agg egati on

nhheg(kl =nMheg(k) + d phabet aMe;
nnheg(k) = nnWheg(k) +f\(K*d phabet alMg;
npBneg(K) = npBneg(K) + d phabet aBe;
npNneg(k) = npNneg(k) + d phabet aNe;
nDneg(K) =nDneg(k) + d phabetaDe;
nnDneg(k) = nnDneg(K) +fd\{k)*d phabet aDe;
end
end

% Cdcdaef(Nt+d)(K) - breakup and reorgan zaionto netchthe d stribuion o what's sndler
if Ap|| sedAl

nMrag =nk(2:).*fragRat ((1 Nd ass) H{ cdf V-1)* Nd ass);
npErag =nk(3:).*fragRat &2, 1)';

npNrag =nk(4:).*fragReat &:, end)';

nMset =nk(2:).*S okesR(1 Nd ass) H cdf V-1)* Nd ass) * sedAll;

nMset(posB) =nMset(posB * (& Sed_MN);

npBset =nk(3:).*SokesR:, 1) * sedAl;

npBset(posB) = npBset(posB * (+d Sed_B); %nunber o patidestha sed ment ou o the weter cd unmin every
size dass

npNset =nk(4:).*SokesR:, end)' * sedAl;

npNset(1) =npNset(l) * (+e Sed_N;

fa k =find nMrag+npBrag+npNrag+n Mset +npBset +npNset)

nMe 0 = (nMrag(k) +nMset(k) *ref Sed_M*Vsd (K) * nk(2, posBm k- 1)/(nk(2 posBm k- )*Vsd (posBm k-
D) nnM ef 0 =f(K*(nMrag(k) +nMset(K) *ref Sed_N*Vsd (k) * nk(2 posBm k- 2)/(nk(2 posBm k- 1)*\/sd (posBm k-
WY npB &0 = (npBrag(K + npBset(K)*re Sed_B)*Vsd (k) * nk(3, posBm k- 1)/(nk(3 posBm k- 1)*\/sd ( posBm k-
D) npN & 0 = (npNrag(K) + npNset(K*ref Sed_N*Vsd (K * nk(4, 1 k-1)/(nk(4 1 k- D)*Vsd (1 k-2));

nMeQisnan(nMef0) =0
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nnM ef O shan(nnM & 0)) =0
npB & Qi snan(npBref ) =Q
npN & Qi snan(npN &f0)) =0
nMef(posBmk-1) =nMef(posBmk-1) +nMefQ
nnM ef(posBmk-1) =nnM ef(posBmk-1) + nnMef O
npB e (posBmk- 1) = npB ef(posBmk-1) + npBrefQ
npNef(L k1) =npNe(lLkl) +npNeQ
end
end

% di mnation by bacterid death credionby gowh

Ad =nmn(1 max(0 NoB (2 00 1))); %approx nation based on eudi dean geonetry (sphere)
Ad(NpB<25) =Ad(NoB<25)/5

Bysk =(nk(6:)-nk(7,:))* Vsd;

kg owt h =2 Ut2x * Bysk/(1* NB* VB+H ysk));

Bgovt h = max(0 (nk(3:)+nk(2:)-nk(5:))*Vsd/ VB * (kgrow h'tstep-1) * sgn(kgrowt h); %nunber o snde

bacteria(dgn a the endtorenove g ow h dtoget her if kd0=0)
Bgovt h =0*Bgrowt h * (NBd st.*Vsd')/(NBd st*Vsd);

% updat e nkd usl

nkd us1(2:) =n(2:) +tsep*(nMpos+nM ef-nVheg- nMrag nMset - kdO*nk(2:).*NoB*Ad -

B ysk*RdB*nk(5:));

nkd us1(3:) =n(3:) +tsep*(npBpos+npk ef-npBneg- npBrag npBset) + Bgrow h;

nkd us1(4:) =n(4:) +tstep*(npNpos+npN e -npNneg- npNrag npNset - kp* B ysk* RdB*nk(4,:));
nkd us1(5:) =n(5:) +tsep*(nnMpos+nnM ef-nnivheg-f V.*(nMrag + nMset) - kdo*nk(5:).*NoB* A d -

%*

kp

kp* B ysk* RAB*nk(5:));
nkd us1(6:) =n(6:) +tstep*(nDpos-nDneg +kd0*nk(2:).*NoB * A d);
nkd us1(7,:) =n(7:) +tsep*(nnDpos- nnDneg +kdO*nk(5:).*NoB * A d);
VehkpB =abs(nkp us1(3:)).*Vsd'/ VB
VehkpN =abs(nkp us1(4:)).*Vsd'/ VN
Vehk mB =(abs(nkd us1(2:)-nkd us1(5:)).*\sd'/VB); %.* (abs(nkd us1(5:)).*\sd'/ VN;
\VchkdB =(abs(nkd us1(6:)-nkd us1(7,:)).*Vsd'/VB); %.* (abs(nkd us1(7,:)).*\sd'/VN;

nkd us1(3 VchkpB<mnnt) =0
nkd us1(4 VehkpN<mnrt) =0
nkd us1(2 VehkmB<mnlirt) =0
nkd us(5 VehkmB<mint) =Q
nkd us1( 6 7, VehkdB<mn rt)= G,

%updat e nkd usl: NECESSARY s ncethe di ninationloop runs on what'sin nk
nkd us1(1:) =nkdus1(2:) +nkdus1(3:) + nkd usl(4:) + nkd us1(6,:);

%cd cdaerdaivete mon wh ch convergenceistested a the begnn ng d thel oop

ddtaRdl =abs((nkp us1(2 7,:)-nk(2 7,:))./nk(2 7,:));

ddtaR =ddtaRdl(idinteddtaRdl)); %k cks out Irf and NaN

ddtaR = nax(ddtaR ddtaR~=1)); %if avdueis>mnirtinnk but <mnrtinnkdusl, its ddtaNis 1

if any(i snan(nkd us1(:))) || +sred(nkd us1)
%t h s never resd veitsdf ud ess we stat over ->rdritidize wth small er ti e step
ddtaR =1,
nkdusl =n
tsep =tsep*0.6
dsaf ddtaR<=threshd d && any(fi nd( nkd us1<0Q))
ddtaR =1,
if mod(l oopN nmaxLoop) ==
tdep =tgep* mn(nk(nkd us1<0)./(nk(nkgd us1<0)- nkd us1( nkd us1<Q)));
nkdusl =nk
end
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dsdaf ddtaR>threshd d & nod(l oopN nmaxLoop) ==
tsep =tsep*0.9
loopTarget =loopTarget mn +|oopTar get mit*(l oopTar get-l oopTarget nmin);
end
nk =nkd us1;
end

%updade n
n =nk
Bys =Bysk

if (any(n(:)<0)) || any(fi nd[n(2:)-n(5:); n(6:)-n(7:)]' <0))
keyboar d
end

%upda e vd unes

VB a =VBa - (npBset*(~+ & Sed_B +(1-fV).*nMset*(~e Sed_M + Bgrowt h*Vsd +(NBd st-(nk(3:) +nk(2:)-
nk(5:)+k(6:)-nk(7,:)))* Q) *Vsd *tsep,

VN a =VNa - (npNset*(~+e Sed_N +fV.*nMset*(~eSed_ M)  +(NNd -
(nk(4,:) +nk(5:)+nk(7,:)))* @) *Vsd *tst ep - kp* Bys*"RdB*(nk(4:)+nk(5:))*Vsd *t s ep,

M a =VBRa +VNQ;

track(1,t-tBP) =ttad-tl

track(2t-tBP) =(n(4:)+n(5:))*Vsd/(CNrhoN; %remainngtointid Praio(-)
track(3t-tBP =(n(2:)-n(5:))*Vsd/(CBrhoB); %tad nmass concertraion d Binthe mxed
fracti on
track(4t-tBP =(n(1:)-n(4:)-n(5:))*Vsd/(CBrhoB); %tad mass concertraion o suspended B
track(5t-tBP) =track(5t-tBR-1) +((n(2:)-n(5:)).*d ag( S okesH:,round(resf*f \(:))+1))" +
n(3:).*SokesA:, 1)')*Vsd *rhoBt st ep*sedAl; %cumul aive settled mass d B(kg
track(6t-tBP =n(3:)*Vsd/(CBrhoB); %fraction o rensi ring pure B
track(7,t-tBP) =track(7t-tBP-1) +(n(5:).*d ag( S okesH(:,round(resf*f\(:)) +1))" +
n(4:).*S okesH:, end)')*\sd *rhoNt st ep*sedAl; %cumul dive settled nass o P (kg

track(8t-tBP) = nean( NoA(posBfind NpA 1,'l ast")));
track(9t-tBR) =(((n(3:)+n(2:)-n(5:))*Vsd) / (NB*VB);
track(10,t-tBF) =((NB*VB - (n(6:)-n(7,.:))*Vsd) / (NB* VB));
track(1Lt-tBR) =(((n(3:)+(2:)-n(5:))*Vsd) / (NB*VB));

carB =abs(VBa - (n(3:)+n(2:)-n(5:)+(6:)-n(7,:))* Vsd)/ VR ot;
carN =abs(VNa - (n(4:)+n(5:)+n(7,:))*Vsd)/ VN at;

carT =abs(Md - (M(2:)+(3:)+n(4:)+n(6:))*Vsd )/ M a;

ttad =oupu(t,11) +tsep

oupu(t+l:,1) =[ttad n(1L L Ndass)]; %#lthetdd nunber o aggregatesineach dze dass
ou pu(t+l,:,2 =[ttad n(2 L Nd ass)]; %#2the nunber o live mxed aggr ega es
oupu(t+l,:,3d =[ttad n(3 L Nd ass)]; %#3the nunber o pure background aggregat es

ou pu(t+1,:,4 =[ttad n(4 1 Nd ass)]; %#4the nunber o pure nano aggr egat es
oupu(t+l:,5 =[ttad n(521 Ndass)]; %#5the equvd ent number o N agorega esin #2

ou put(t+1,:,6 =[ttad n(6 1 Nd ass)]; %#6 the nunber d dead nmixed aggregat es

ouput(t+l:, 7 =[ttad N7 1 Ndass)]; %#7 equvd ert nunber d Naggregaesin #6

ouput(t+l,:,8 =[ttad f L Nd ass)'];

oupu(t+l,:,9 =[ttad NoH;

tsep =mntstep*(1 + 9 gn(l oopTar get-l oopN* mn(Q 1, O 01*( copTar get-l oopN *2)), tsep Max);
| oopTar get =loopTarget +(1- oopTar get mult)/ 100%(I oopTar get max-l oopTar get);

dsp([t teep round((ttatd-t 1)/t 210000)/ 1001 oopNI oopTar get tstep'tstepO corr B car NcarT));
end
dsp([t tsep round((ttad-t 1)/t 2*10000)/ 100 | oopNI copTar get tstep'ts epO corr Bear NcarT);
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end

%%

% content o ou pu(:,:, end-2): whereNP cd cd &ions
Nsi m =gze(ou pu, 3);

out put (1l dze(track 2), I 9 ze(track, 1), N§ m+1) =track;

% content o ou pu(:,:,end-1): dsd (1veda)

% \Vsd (1 ved a)

% dogdk andt12Ta (2 scd ar)
% dpor (resf vedars)

% \por (resf vedars)

dsd =dsd (1 Nd ass);

Vsd =\sd (L Nd ass);

dpor =dpor(1 Nd ass,:);

Vpor =VWor (1 Nd ass,:);

ather 8 nmParam =zeros(l Ndass); ahe S mParan{l 4) =[dstep, resf, t1 t2;
oupu(l32end N m2) =[dsd'; \&d'; dher S mPar anj;
out put(4 (4+2*resf +1), 2 end, Ns m+2) =[dpor'; \por'];

%%

% contert o ou pu(:,:,end): d50 based on cod esced vd unes

% d50 based on porous vd unes (i.e accourting fa dfferent porodtiesfar dfferernt dze patide
oupu(,, N m3) =oupu(,1l); %tine

fatt =1 9ze(oupu, 1)

%#2 the snoot hed d50s based on cod esced vd unes

%#3 the snoot hed d50s based on porous vd unes

%use d log(d): the wdh o dze dassesinaeases, sothe mdpd rt inrd50 shod drit be Vd st50' 2 but
Vdi st 50/( 1+10"dst ep)

%#4 uns moot hed d50 based on porous vd une

n =reshape( ou pu(tt, 2 end, 1 5, Nd ass, 5';

%cd cu aions for cod esced d50
Vd & =(n(2:)+(3:)+(4:)).*Vsd';
if l engt (fi nd( Vd st)) ==1
out put(tt,2 Ns m+-3) =dsd(Vd st ~=0); %if oy one sze dass, tha dassisthe d50.

dse
cunti st =cunsun{ Vd s);
vd50 =cund st(end)/ 2
posd50 =fi nd(cundi st >=vd50, 1);
rd Pos =find Vd &) - posd50, %rd aive positions d the non-empty s ze d asses conpared to posd50
rds0 =(Wd50 - (posd50>1)*cundi st( max( posd50- 1, 1)) - Vd s(posd50)/2) / (Md s(posd50)/ 2);
posAd =posd50 +rd Pos(fi nd(rd Pos==0) + 9 gn(rd50));

out put(tt, 2 Ns m+-3) = 107(( 1- abs(rd50))* og10( dsd (posd50)) + abs(rd50)* mean(l oglQ([ dsd (posd50), dsd (posAd)])));
end

%cd cu dions for porous d50s

fv =nmn(1 max(0(n(5:)./n(2:))));
cdfVv =round(resf*f \j +1;
VM st =n(2:).*Vpor( Nd ass*(cdf\L 1) 1 Nd ass)')';
VBd & =n(3:).*Vpor(:, I';
VNd st =n(4:).*Vpor(;,end)’;
Vd & = VMi st +VBd st +VNdi st;
if l engt (fi nd( Vd st)) ==1
posd50 =find( Vd &);
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ou put(tt, 34, Ns m+3) = dpor(posd50, round(resf*sun{n(4 5 posd50))/sun{n(2 4, posd50))) +1); %ba h #3 and #4 are
dpor o tha dass

dse
cundi st =cunsun{ Vd gt);
vd50 =cund st(end)/ 2
posd50 =find(cund st >=Vd50, 1);
rd Pos =find( Vd st) - posd50, %r € &ive positions d the non-empty s ze d asses conpar ed to posd50
rds0 =(Wd50 - (posd50>1)*cund st( max( posd50- 1, 1)) - Vd $(posd50)/2) / (Md g(posd50)/ 2);
posAd = posd50 +rd Pos(fi ndrd Pos==0) + s gn(rd50));
fd50 =round(resf*sum{n(4 5[ posd50 posAd]), 1)./sunfn(2 4[posd50 posAd]), D) +1;

out put(tt, 3 Ns m+-3) = 10°Y(( 2- abs(rd50))* og10( dpor(posd50,f d50( 1)) +
abs(r d50)* mean(l og10([ dpor( posd50,fd50( 1)), dpor( posAd,fd50(2)])));
out put(tt, 4 Ns m+-3) = dpor(posd50,fd50(1);
end
end
toc
end
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