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Abstract
Soot particles have been identified as the second largest contributor to global warming (just after carbon
dioxide). Also, these particles can penetrate deeply into the lungs and may be carcinogenic. In this context,
one of the most important properties of soot particles is their morphology which is determined by the interplay
between nucleation, surface reactions, and agglomeration in flames. Modeling this process by accurately
considering the morphology of particles is currently a big challenge for most numerical codes in the literature.
In this thesis, a new and robust approach to simulate the evolution of soot morphology in flames is introduced.
It is a Monte Carlo Discrete Element Model, called MCAC, where the trajectories of individual soot particles
are accurately solved in flames and detailed particle interactions and morphology are considered. MCAC
is adapted to all soot formation mechanisms including nucleation, surface growth, oxidation (including
fragmentation), and agglomeration. This code is coupled with continuous CFD simulations solving the flame
chemistry, fluid dynamics, and soot aerosol mass transfer leading to realistic soot formation simulations in
both premixed and diffusion flames. Based on this approach, the detailed dynamics of soot formation are
revealed. Soot aggregation takes place in the transition of both fluid flow and aggregation regimes. This
simultaneous change of regimes considerably impacts soot particle size distribution, aggregation kinetics,
and particle morphology. Indeed, fractal dimensions below the classical one derived by diffusion-limited
approach are found for aggregates formed in the diffusive, and transition flow regime. Agglomeration still
leads to self-preserving particle size distribution when this simultaneous change of regimes is considered.
This distribution is found to follow a generalized Gamma function that may be expressed based on different
equivalent diameters. Aggregation (sticking) of soot particles upon collision is only systematic for soot
primary particles larger than 10 nm. New expressions to determine soot collision and sticking probabilities
are introduced based on a energy approach based on a coarse-grained description of soot particles. Pure
agglomeration leads to agglomerates in some resemblance with those observed experimentally however,
soot aggregates are formed under the competition of aggregation and surface reactions. In this context,
soot aggregates exhibit a complex morphology which is modeled here as an overlapping spheres approach.
Equations take primary particle overlapping effect on aggregates morphology and projected area scaling-laws
into account are proposed. Finally, coupling MCAC with CFD simulations revealed the detailed evolution of
soot morphology along different trajectories in the flame including the centerline and the wings of a diffusion
flame. Marked and robust morphological features of soot aggregates generated under different trajectories in
the flame were observed.

Keywords: Soot; Nanoparticles; Discrete Element Modeling; Monte Carlo; Aggregates; Morphology
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Résumé
Les particules de suie ont été identifiées comme le second facteur prédominant dans le réchauffement
climatique (juste après le CO2 ). Par ailleurs, ces particules sont des cancérogènes avérés. Leurs propriétés
radiatives et sanitaires sont largement dépendantes de leur morphologie. Aussi, nous constatons que la prise
en compte de la morphologie de la suie dans la modélisation des processus liés à sa formation n’est que très
peu considérée dans les modèles et codes actuels et représente un véritable défi. La forme des particules de
suie résulte de la compétition entre différents mécanismes liés à la formation de la suie au sein même de la
flamme. Dans cette thèse, une nouvelle approche est proposée afin de simuler l’évolution de la morphologie
des particules de suie dans les flammes. Il s’agit d’un modèle de type Monte Carlo à éléments discrets,
appelé MCAC permettant la prise en compte de la variation des conditions thermodynamiques rencontrées
par les particules le long de leurs trajectoires dans des flammes. Outre l’agrégation des particules pilotée
par le mouvement Brownien, MCAC considère la nucléation, la croissance de surface, l’oxydation et la
fragmentation des particules de suie. Ce code est couplé à des simulations CFD résolvant la chimie de la
flamme, la dynamique des fluides, et le transfert de masse entre la phase gazeuse et la phase particulaire. Ceci
permet une simulation réaliste de la formation des particules de suie dans des flammes de prémélange et de
diffusion que ce soit en termes de taille et de morphologie. Cette étude révèle de façon détaillée la dynamique
de la formation de la suie en prenant en compte le changement de régime de l’écoulement et de régime
d’agrégation. Ces changements de régimes ont un impact considérable sur la distribution de taille, la cinétique
d’agrégation et la morphologie des suies. Cependant, on montre que l’agglomération conduit toujours à une
distribution de taille auto-préservée répondant à la famille des distributions Gamma généralisées pouvant être
exprimées à partir de différents diamètres équivalents. Le recouvrement des monomères a pu être simulé
physiquement grâce à la prise en compte des phénomènes de croissance de surface. En outre, ceci a permis
l’obtention d’équations prenant en compte l’effet du recouvrement des monomères sur la morphologie des
agrégats, leur volume, leur surface ou encore sur les lois de projections 2d utiles à l’analyse de clichés de
microscopie électronique. De nouvelles expressions de probabilités de collision et de collage des suies sont
introduites à partir d’une approche énergétique prenant en compte le changement de la composition des
particules au fur et à mesure de leur maturation. On montre ainsi que le collage des particules de suie lors
des collisions n’est systématique que pour les monomères avec un diamètre > 10 nm. Enfin, le couplage
de MCAC avec les simulations CFD a révélé l’évolution détaillée de la morphologie des particules pour
différentes trajectoires dans une flamme de diffusion. Des signatures morphologiques marquées et robustes
des agrégats de suie générés sous différentes trajectoires dans la flamme sont observées.

Mots clés. Suie ; Nanoparticules ; DEM ; Monte Carlo ; Agrégats ; Morphologie
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CHAPTER 1. INTRODUCTION

1 | Introduction
As shown in Fig. 1.1 soot or black carbon particles impact different domains of our life including human health,
atmospheric chemistry and air quality. They are also important for the industrial production of nanomaterials,
and experimental diagnostics related to industrial particle production, research and development [1–3].
The release of ultra-fine soot particles to the atmosphere can cause detrimental effects on the environment
for example by influencing the formation of clouds and/or by changing the radiative properties of the
atmosphere [4]. Indeed, soot particles are considered the second most important contributor to global
warming just after carbon dioxide [5].

Figure 1.1: Soot and black carbon particles domains of impact. Atmospheric particle image from [4]. Experimental
setup and TEM images from [6].

In most numerical works, soot particles are typically considered either spherical in some simulations
or fractal aggregates in advanced codes that neglect important details of soot morphology such as primary
particle overlapping (see Fig. 1.1). These approximations lead to significant deviations in the surface area
and volume of soot particles, which in turn can cause large uncertainties in modeling soot physicochemical
processes depending on particle sizes, such as collision and surface reaction rates (both surface growth and
CORIA laboratory
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oxidation). In addition, soot particle surface area to mass ratio (specific surface area) has been suggested
as one of the most important dose metrics for nanoparticle toxicity by inflammatory response and oxidative
stress of pulmonary cells [7–12]. Due to the small size of these particles (< 1 µm), they can penetrate deeply
into the lungs where the effects mentioned above may exist. Consequently, from this point of view soot
particles are considered a threat to human health.
A radically different point of view considers soot as a valuable nanomaterial. The industrial soot
or black carbon annual global production has been estimated by 2025 to be ∼ 15 Mt [3]. Most of current
applications (∼ 70%) involve pigment and tires reinforcers. Morphology and physicochemical properties
of soot particles have been highlighted as the most important and promising properties for possible future
applications for renewable energy harnessing including CO2 separation, supercapacitors, batteries, and
catalyst support in fuel and solar cells [3]. Flame synthesis of nanoparticles such as soot has gained a
great interest compared to other particle synthesis methods due to its availability, no liquid by-products,
easier particle collection, high purity products, unique particle morphology, among others [13]. One of the
main purposes in the flame synthesis of soot nanoparticles is tailoring their physicochemical properties and
morphology, to this end a profound understanding on soot formation dynamics is required.
In addition, better understanding on soot formation dynamics and morphology is required for better
predicting their physical properties such as particle-light interaction. Indeed, many experimental diagnostics
for soot volume fraction, number concentration, temperature, primary/aggregate size distribution rely on
laser-particle interaction [14]. Also, a better description of soot morphology could help improving electron
microscopy image analysis techniques such as Transmission Electron Microscopy (TEM) [15].
This thesis aims at numerically simulating soot particles formation in flames with a special focus on
their morphological evolution, agglomeration kinetics, and particle size distribution. Soot morphological
characterization is one of the principal objectives of the ASTORIA project financed by ANR (Agence
Nationale de Recherche) to which this thesis is associated to. It is jointly developed between CERFACS
(from Toulouse), ONERA (from Paris), RAPSODEE (from Albi), and CORIA laboratories. Also, this thesis
is funded by the Normandy Region through the Gazpropres project.
Soot particles in flames are generated as a consequence of local richness in terms of hydrocarbon
fuels regarding oxygen. Gas-particle conversion (nucleation) is the starting point of the process by creating
small soot nuclei, these particles collide and agglomerate. At the same time, they experience surface reactions
leading to the increase (surface growth and condensation) or decrease (oxidation) in primary particle mass.
Eventually, these particles are released to the atmosphere, consequently becoming a concern for human health
and the environment. This thesis is restricted to study the evolution of soot particles within flames. In this
context, the work is divided into five steps: (1) modeling soot aggregation by Discrete Element Modeling
(DEM); (2) adding surface growth; (3) adding particles oxidation and fragmentation; (4) study the effect of
soot maturity evolution; and (5) modeling different laminar flames based on CFD-DEM coupling.
2
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CHAPTER 2. DEFINITIONS AND STATE OF THE ART

2 | Definitions and state of the art
2.1

Agglomerates and aggregates morphology

Both aggregates (chemically bonded or sintered primary particles), and agglomerates (physically bonded
primary particles) are studied in this work. In the following sections, the historical contributions to their
morphological characterization are reviewed from an aerosol/colloid perspective. Some numerical and
experimental tools to characterize these particles are also described. Finally, the different factors that can
potentially impact the morphology of aggregates are described.

2.1.1

Historical contributions

Remarkably, as early as 1967, and without knowledge about fractal geometry (today’s fundamental tool in this
topic as discussed later in this chapter), Medalia et al. [16, 17, 17–19] are probably the first to quantitatively
characterize the morphology of aerosol aggregates. As employees at Cabot Corporation studying carbon
black (a special type of soot) particles shows that interest in aerosol aggregates morphology from the very
beginning has been linked to flame made nanoparticles. The next big milestone arrived in 1979 when
Forrest and Witten [20] used the fractal geometry [21] to characterize the morphology of aerosol aggregates.
Aggregates are considered to be fractal when their morphology is self-similar when observed at different
scales. Since real aggregates are self-similar only in a statistical sense, they are referred to as fractal-like
aggregates/agglomerates. They subsequently introduced the Hausdorff or fractal dimension D f ,
Np = k f

Rg
R pv

!D f
(2.1.1)

where N p is the number of primary particles belonging to an aggregates, R pv is the volume equivalent
average primary particle radius, Rg is the aggregate’s radius of gyration (the radius of an sphere having
the same inertia moment than the agglomerate), and k f is the fractal prefactor. This equation is known
as the fractal-law and is fundamental for the analysis of colloid or aerosol aggregates morphology both
numerically and experimentally. After this work, the subject evolved very fast especially in numerical
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modeling of agglomeration [22–24]. However, this progress has been always limited by the computational
cost of simulations able to reproduce the morphology of these particles [25]. In parallel, a notable progress
was achieved during the 80’s decade specially in terms of experimental thermophoretic sampling and electron
microscopy images analysis [26], and particle-light interaction modeling [27]. Particularly, the development
of the Rayleigh Debye Gans theory for fractal aggregates (RDG-FA) by Dobbins and Megaridis [28] in 1991
is an important achievement for light-scattering techniques to study the morphology, number concentration,
and size distribution of nanoparticle aggregates. During the 90’s different contributions to electron microscopy
images analysis methods and techniques with special mention to Köylü et al. [29] and Brasil et al. [30] were
developed. During this decade, the concept of primary particle overlapping, as experimentally observed for
soot aggregates, was introduced and numerically simulated [30, 31]. Not commonly recognized and yet
notably, in 1994 Nicolai et al. [32] introduced some fundamental equations to characterize fractal aggregates
based on the pair-correlation function. This function describes the probability to find particle’s mass in space
(see section 2.1.4). This work was extended later by [33] who compared different cutoff functions to model the
pair-correlation function for finite-sized agglomerates. A remarkable attempt to understand and correlate it to
other morphological parameters such as the fractal prefactor were subsequently carried out by [34, 35]. During
the last two decades, different attempts to consider the impact of aggregates morphology on for example
their mobility [36–38], light-scattering [39, 40], coagulation [41, 42], contact/interaction forces [43], electron
microscopy images analysis [30, 44, 45] and electrostatic charging [46] have been carried out. Primary
particle overlapping, necking, and coating have been numerically simulated to assess their importance on
aggregate radiative properties and bringing corrections to the RDG-FA theory [47, 48]. Aggregates with
multi-scale morphology, particularly superaggregates have been studied [49]. Fractal dimension and prefactor
are recognized as not enough to characterize the morphology of aggregates and the anisotropy coefficient was
introduced [50, 51]. The limitations at small-/large-scales have been considered to model the pair correlation
function and structure factor of fractal aggregates [52, 53].

2.1.2

Different equivalent radii

Describing the morphology and physical properties of both agglomerates and aggregates of nanoparticles
is challenging. In this context, different equivalent radii can be found in the literature. Some of them are
purely geometrical, such as the geometric or maximum radius (Rmax ), corresponding to the radius of the
smallest sphere enclosing the aggregate. Also, the volume-equivalent (Rv ) is the radius of the sphere having
the same value as the aggregate. Some of them are linked to physical properties as described as follows. The
already mentioned radius of gyration (Rg ) is the radius of a sphere with the same inertia moment (or rotational
inertia) as the aggregate. Its value can increase when adding mass to the aggregate or when the same mass
is redistributed farther away from its center of mass. Commonly, it is experimentally measured based on
light-scattering techniques. Another important parameter is the mobility radius (Rm ) which is the radius of a
4
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sphere that feels the same drag force or has the same hydro/aerodynamic mobility as the aggregate under
equivalent flow conditions. Different works in the literature have tried to link this parameter to the number of
primary particles in an aggregate [38, 54–56]. Providing such a relation is not simple and actually depends
on the flow regime (particle-flow interaction) as characterized by the fluid Knudsen number Kn f = λ f /Rm ,
where λ f and Rm are the fluid mean free path and the particle’s mobility radius, respectively. Here, λ f is the
average distance traveled by fluid molecules between successive collisions. When Kn f tends toward 0, the
relevant hydro/aerodynamic forces result from a continuous process (continuum regime), whereas at large
Kn f they are related to discrete collisions with molecules (free molecular regime). Electrical mobility is
the radius of the sphere with the same electric velocity at a constant electric field as the agglomerate. The
latter can be experimentally measured based on aerosol measurement devices such as Mobility Particle Size
Spectrometer (SMPS) and Differential Mobility Particle Sizer (DMA).

2.1.3

Aggregates size distribution

As discussed in section 2.1.2, nanoparticle aggregates can be characterized based on different equivalent radii
such as volume-equivalent, mobility, and gyration. Accurate descriptions of aggregate size distributions such
as soot are challenging due to the size range of these particles ranging from one up to hundreds of nanometers
(and even micrometer in some extreme cases [49]). Detection capabilities of aerosol devices such as SMPS
and DMA are particularly difficult below 2 nm, and high particle concentrations [57]. On the other hand,
TEM images can provide the size and morphology of aerosol aggregates. They may even reveal the internal
structure (molecular arrangement) of primary soot particles [58]. However, all the aforementioned techniques
suffer the uncertainties of intrusiveness and low spatial resolution. Despite these limitations, many important
conclusions can be obtained based on recent and improved measurement devices.
Due to strong nucleation, incipient soot particle size distribution may be bimodal as reported by direct
sampling and subsequent SMPS measurements of mobility diameter in ethylene premixed flames [59, 60].
As particles evolve, a bimodal or unimodal distribution may be persistently observed. It has been suggested
that bimodality is related to flame temperature [60]. Bimodal distributions have been observed in flames with
lower temperature where inception is predominant over coagulation (see section 2.4). At higher temperatures
inception seems to loss efficiency probably due to PAH dissociation while coagulation becomes faster [60, 61].
However, DMA measurements of soot aggregates have suggested a lower coagulation efficiency at higher
temperatures for smaller soot particles, making the explanation of bimodality not evident [62]. The inception
mode may be characterized by a power-law function [61], while the coagulation mode may be lognormal or
self-preserving as has been observed in ethylene premixed flames [63]. Both geometric mean, and geometric
standard deviation of mobility diameter may be a function of the flame richness [63]. TEM image analysis
have reported soot aggregate size distributions in diffusion flames to be a broad lognormal distribution [6].
In addition, angular light scattering measurements have shown strong gradient of soot radius of gyration
CORIA laboratory
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within the flame with maximum sizes found in the wings of the flame being as large as 220 nm in an ethylene
diffusion flame [64].

2.1.3.1

Self-preserving size distribution

The Brownian motion of nanoparticles in flames (e.g., soot) naturally leads to random collisions between
particles and therefore to the formation of polydisperse fractal-like aggregates. However, depending on the
physico-chemical conditions, this polydispersity may achieve a natural limit where the shape of the normalized
particles size distribution becomes invariant in time [65], this is called the self-preserving size distribution
(SPSD). It is a fundamental concept allowing to considerably simplify the solution of the Smoluchowski
(population balance) equation. It also explains why a limit for the polydispersity of particles size is observed
for coagulating colloids. From a numerical point of view, SPSD theoretical expressions exists for aggregates
based on some physical properties such as the number of primary particles per aggregate [66] however, a
generalized and unified expression is currently missing. This missing expression may be very useful to
quantitatively study soot size distribution based on different measurements such as SMPS (mobility radius);
light-scattering (gyration radius) and TEM (gyration or maximum projected radius). Also, the numerical study
of SPSD for aggregates, especially in the transition regimes (agglomeration/fluid flow), is scarce excepting a
few remarkable works [67].

2.1.4

Pair correlation function

As mentioned in section 2.1.1, one of the most important concepts used to describe and model the morphology
of aggregates/agglomerates of nanoparticles’ is fractal geometry. A self-similar object is termed as fractal,
i.e., its structure seems the same when analyzed at different scales [24, 68]. These aggregates/agglomerates
are self-similar in a statistical sense so they are referred to as fractal-like. The morphology of fractal-like
agglomerates can be characterized based on the pair correlation function. Conceptually, it corresponds to the
−r in space from any point belonging to the particle. In other
probability to find particle’s material at a location →
words, it is the probability to find mass elsewhere given there is mass at a reference point. Mathematically, it
corresponds to the self-convolution of the aggregates/agglomerate’s density function [53],
−  Z
A→
r =

∞

−
→
−u =→
0

− →
 −  →
n→
r − −u n →
u d−u

(2.1.2)

− 
−r and 0 otherwise. When A is averaged over different
where n →
r is 1 if material exists at the location →
→

orientations i.e., A −r = A(r), the result becomes a smooth function of r. It can be demonstrated that the
aggregate volume Va and its radius of gyration Rg can be determined based on A (r) as follows [53],
Va2 =
6

Z
4πr2 A (r) dr

(2.1.3a)
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R∞
4
1 r=0 r A (r) dr
= R∞
2
r2 A (r) dr

(2.1.3b)

r=0

Please note that the nominator on the right hand side of Eq. (2.1.3b) corresponds to the aggregate’s inertia
moment. In the case of ideal fractal clusters, the average pair correlation function exhibits a power-law


behavior A(r) ∝ r D f,i −3 whose slope in a log-log plot is related to the cluster individual fractal dimension
D f,i . However, real agglomerates have a finite size and a cutoff function needs to be added [33, 39, 69, 70],


A(r) ∝ r D f,i −3 exp −(r/ξ)β

(2.1.4)

The cutoff is determined by a characteristic distance ξ and a stretching exponent β [32]. The latter parameter
plays an important role on the scattering properties of agglomerates [39] and, as shown in Ref. [51], it is
correlated with the particle shape anisotropy (see Section 2.1.6). The same authors have introduced a packing
factor φ, related to the local arrangement of primary particles,
A(r) =

φD f i
D

4πR pvf i



r D f i −3 exp −(r/ξ)β

(2.1.5)

However, agglomerates of interest in aerosol science including soot, are commonly small (N p → 1) meaning
that primary particles cannot be neglected to describe A(r). In this context, Yon et al. [53] proposed to
approximate A(r) as the sum of two components, A(r) = A pp + Aagg . Where A pp is the contribution of primary
particles to the agglomerate morphology (self-correlation of primary particles), and Aagg is the contribution
of the agglomerate structure by considering the correlation between different neighbor primary particles,
A pp (r) = 1 +
φD f i r
Aagg (r) =
3
R pv

r
4R pv

!
1−

r
2R pv

!2
,

r ∈ [0, 2R pv ]

!D f i −3 h
i
exp(−(r/ξmax )β ) − exp(−(r/ξ)β ) ,

(2.1.6a)

r>0

(2.1.6b)

where Eq. (5.4.7a) is the analytical form of A pp for monodisperse primary particles. The packing factor φ, the
individual fractal dimension D f,i , the maximum and equivalent length scales ξmax and ξ, respectively, and the
stretching exponent β are the parameters of this model. It is important to mention that the author of this
thesis contributed to the development of this model [53].

2.1.5

Local compactness

As mentioned in the previous section, one parameter related to local compactness of primary particles is
the packing factor φ. It is the inverse of the so-called filling factor [71]. An alternative derivation of this
coefficient is described here. For a sphere of radius r centered at any primary particle belonging to the
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agglomerate, the following scaling-law is verified [51],
N(r) = φ

r
R pv

!D f
,

R pv  r  Dmax

(2.1.7)

Where N(r) is the number of primary particles within a sphere of radius r, and D f is the fractal dimension.
Heinson et al. [51] derived Eq. (2.1.7) but did not directly use it to obtain φ. As can be seen, φ is very
similar to the fractal prefactor but not the same! Indeed, we can verify that for r = Rg we find N(Rg ) < N p ,
consequently φ < k f . Another parameter related to local compactness is the fractal prefactor k f . It has
been found to be related to primary particle overlapping [30, 31, 72, 73], polydispersity [74], and fractal
dimension [35]. For large agglomerates (N p  1) both parameters are related by the following equation [32],
2Γ(D f /β)
=
Γ((D f + 2)/β)
"

k f,∞

# D2f

φD f Γ(D f /β)
β

where a dependence on the stretching exponent (β) is inferred and where Γ(x) =

(2.1.8)
R∞
0

t x−1 exp(−t) dt is the

Gamma function. Actually, for any N p it may also depend on ξmax and ξ as shown in Ref. [53]. In addition,
how both fractal prefactor and packing factor are related to agglomerates local compactness is not evident. So,
to make it clearer, Fig. 2.1 shows two chain-like agglomerates. Let’s assume the maximum diameter of these
agglomerates to be much larger than the primary particle size. Considering that both agglomerates have the
same size and number of primary spheres and D f ≈ 1. As can be observed, agglomerate 2 has a larger local
compactness since monomers are closer to each other. Therefore, based on Eq. (2.1.1) and Eq. (2.1.7) we
conclude that agglomerate 2 has a larger fractal prefactor and packing factor than agglomerate 1. Finally, two

Figure 2.1: Comparison of two chain-like agglomerates with different degree of compactness.

additional important parameters related to local compactness are investigated, namely the primary particle
overlapping coefficient and the coordination number. The overlapping coefficient [30, 31] is calculated for
each pair of intersecting primary particles of radii ri and r j , having a distance between centers di j as,
cov =

ri + r j − di j
ri + r j

(2.1.9)

When primary particles are point-touching then di j = ri + r j and cov = 0. On the other hand, when particles
are completely fused then di j = 0 and cov = 1. Also, the coordination number (nc ) is a property defined
8
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for each primary particle as the number of neighbors in contact with it [72]. For example, in a chain-like
agglomerate all the primary particles are in contact with two neighbors excepting those located at the extremes
that are connected to only one neighbor. The theoretical maximum coordination number of non-overlapping
monodisperse spheres in a 3-dimensional configuration is 12 [75] but it has never been observed for aerosol
agglomerates [76]. This parameter is commonly overlooked in the literature and its evolution when aggregates
experience surface reactions (growth or oxidation), has not been explored.

2.1.6

Shape anisotropy

It is measured based on the anisotropy coefficient (A13 ) as defined in Ref. [51] for agglomerates. This is
generalized here for arbitrary particle morphology by discretizing the particle into Θ cubic volumes of center
(xi , yi , zi ) in 3-dimensional space, and obtaining the inertia matrix I as,

 y2 + z2
i
 i
Θ 
1 X 
I=
 −xi yi
Θ i=1 
 −x z
i i

−xi yi
xi2 + z2i
−yi zi


−xi zi 


−yi zi 

xi2 + y2i 

(2.1.10)

Subsequently, the 3 eigenvalues (R1 ≤ R2 ≤ R3 ) of the inertia matrix are obtained. Consequently, the
anisotropy coefficient A13 is determined as,
A13 =

R23
R21

(2.1.11)

This anisotropy coefficient represents the propensity of a 3-dimensional shape to have its mass preferentially
distributed along one axis (see Fig. 2.2). The eigenvalues of the inertia matrix are related to the aggregate’s

Figure 2.2: Examples of isotropic (left) and anisotropic shapes and the corresponding A13 .

radius of gyration as [51],
R2g =
CORIA laboratory


1 2
R1 + R22 + R23
2

(2.1.12)
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Projected area scaling-law

Scaling laws between the number of primary particles per aggregate Np and the normalized average projected
area are highly used to analyze experimental TEM images (see Section 2.1.8.1) to obtain morphological
properties of agglomerates of nanoparticles [45, 77] but also in numerical simulations to determine moleculeparticle collision frequencies that depends on their projected area [41, 78]. These types of correlations were
initially proposed by Medalia et al. [16, 17, 17–19]. For instance, we can consider,
Np = kα

Aa
Ap

!α
(2.1.13)

where Aa and A p are the orientationally averaged projected area of the aggregate and primary particle,
respectively. Also, α and kα are the power-law exponent and prefactor, respectively. For agglomerates formed
in the diffusion-limited regime (see Section 2.2.3.1) for 5 ≤ N p ≤ 580, kα = 1.17 and α = 1.07 were obtained
by Oh & Sorensen [31]. In addition, for 10 ≤ N p ≤ 512, kα = 1.10 and α = 1.08 values were obtained by
Brasil et al. [30]. Most of these works neglected the effect of overlapping on the effective number of primary
particles per aggregate. Eggersdorfer & Pratsinis studied the dependence of these parameters on the primary
particle polydispersity [74]. Both Oh & Sorensen [31] and Brasil et al. [30] evaluated the dependence α
and kα on primary particles overlapping however, their procedure to generate overlapping between primary
particles is artificial in the sense that it is not the result of physical phenomena such as surface growth or
sintering. For aggregates experiencing sintering, Eggersdorfer et al. [79] proposed to change the definition
of Np and A p based on a volume/surface equivalent primary particle diameter. Their approach leads to a
prefactor of 1 and an exponent of 1.07 independent of the sintering mechanism [79]. However, these results
cannot be directly adopted to study surface growth which is currently missing in the literature. Also, the
dependence of both α and kα on the physical properties impacting the morphology of aggregates has not been
explored excepting the aforementioned primary particle polydispersity and sintering [74, 79].

2.1.8

Experiments

Not all the aforementioned parameters are currently possible to be experimentally measured, for instance there
is no technique allowing a direct measure of the coordination number and packing factor for agglomerates
of nanoparticles. It is interesting to note that coordination number has been measured for micrometer-scale
granules, produced by spray fluidized bed agglomeration, based on X-ray tomography [80]. However applying
this technique to explore nanoparticles such as soot is not evident. This detailed morphological parameter may
be measured based on 3-dimensional electron tomography [81–84]. Coordination number may be measured
in an indirect way from electron microscopy image analysis (see the sections below) by correlation with
other parameters such as aggregate’s fractal dimension [76]. Also, it may be measured by correlation with
properties visible to Ultra-small angle x-ray scattering [85, 86].
10
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The rest of parameters, and particularly the fractal dimension can be measured by Transmision/Scanning Electron Microscopy (TEM/SEM) image analysis or by Angular light-scattering measurements.
Electron microscopy image analysis advantages include the clear and quite accurate soot particles observation
and characterization that can go even down to the molecular scale. This technique is considered robust to
measure primary particle size. The drawbacks are the intrusiveness [87], point-measurement, and maybe soot
collection at different positions along the path of probe insertion in flames [88]. Also, these measurements
typically rely on power-laws relating 2d and 3d properties. On the other hand, laser-based techniques
are generally non-intrusive, with remarkable spatial and temporal resolution (< 0.001 mm3 , and < 10 ns,
respectively) making them specially suitable to study combustion systems such as laminar [89] or turbulent
flames [90]. The difficulties of these techniques are the uncertainties on the optical properties of nanoparticles
and the complex modeling of particle-light interaction.

(a) Thermophoretic sampling

(b) Light scattering

(c) TEM image [6]

(d) Light scattering power [89]

Figure 2.3: Experimental setups and examples of images (rough data) for soot aggregate characterization.

2.1.8.1

Thermophoretic sampling and image analysis

Electron microscopy image analysis requires three steps, namely (1) particle sampling, (2) image obtention,
and (3) image processing. As shown in Fig. 2.3a, an example of experimental setup required to conduct
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thermophoretic sampling is shown. In this context, the large temperature of soot particles in flames is used to
sample them by thermophoretic deposition [26] on a typically 3 mm copper and carbon coated grid. This grid
is inserted in the flame thanks to a metallic holder attached to a pneumatic cylinder. The challenge in sampling
is the fast insertion (∼ 5 ms traveling time), short exposure time (∼ 30 − 100 ms), and precise positioning
the sampling grid in the flame [88, 91]. Once the sampling is done, TEM or SEM images are obtained.
Subsequently, they are analyzed to obtain different morphological properties of soot particles [15] including,
primary particle size distribution, aggregate size distribution, fractal dimension/prefactor, and number of
primary particles [6, 91]. Figure 2.3c shows an example of TEM image sampled from an ethylene/air diffusion
flame [6]. Two aggregates of very different sizes can be observed in this image, the largest has a maximum
projected diameter around 400 nm. The complex structure of soot aggregates is observed along with the level
of primary particle polydispersity and overlapping.

2.1.8.2

Angular light scattering

This technique allows the aggregate number concentration, size (radius of gyration), and morphology to
be assessed in situ in the flame. Also, when combined with other measurements such as light absorption,
additional parameters such as the number of primary particles per aggregate, and primary particle size can be
obtained [89]. As shown in Fig. 2.3b a laser source (in this case 532 nm wavelength) and specific optical
devices are needed to direct the beam towards the flame, and (in this case) to produce the desired horizontal
planar sheet that will finally traverse the flame. The latter is needed to avoid sampling volume-dependent
measurements issues arising when measuring at different scattering angles as thoroughly discussed in Ref. [89].
The scattered signal is collected by an ICCD camera placed at an angle θ from the laser beam direction in the
scattering plane as shown in the figure. One of the challenges in conducting angular light scattering is the
precise rotation of the camera around the burner axis for angles as small as 5 and as large as 135 degrees.
Figure 2.3d shows an example of rough measurement consisting on the power of the scattered light Pvv
measured at a height above the burner of 30 mm and collected at a scattering angle θ = 14.9◦ . It exhibits a
high gradient of intensity in the highlighted region of interest (ROI) which is quasi-symmetric regarding the
centerline of the flame (dash-dotted line). This signal is subsequently vertically averaged in the region of
interest to subsequently carrying an Abel deconvolution process. The latter allows the differential scattering
coefficient to be measured with radial resolution. This is then related to aggregate’s size thanks to RDG-FA
theory by assuming particle polydispersity, fractal dimension, and prefactor. In this way, the aggregate radius
of gyration for soot particles is accurately measured with radial resolution at different heights above the burner.
It is worth mentioning that the author of this dissertation participated in the experimental campaigns
and contributed to the post-processing of light scattering measurements [89].
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Other experimental techniques

Primary particle size can also be obtained by time-resolved light induced incandescence [92, 93]. This
technique is challenging from an experimental point of view [91] but also from a modeling perspective since
it relies on a complex model of soot-gas heat transfer [94], and also requires the flame temperature as an input
parameter [95]. Aggregate size distribution can also be measured based on scanning mobility particle sizer
(SMPS), however a sampling and dilution line of particles is required to have access to the flame [59, 96].
Also, an alternative to angular light scattering is spectral light scattering to measure soot aggregates’ gyration
radius distribution [97]. The latter is specially relevant in systems where optical access to the flame at
different angles is reduced however it requires the knowledge of spectral dependence of the optical properties
of nanoparticles. Many other additional techniques are described elsewhere [14, 98–101].

2.1.9

Factors influencing the morphology of aggregates

In the present section different physical, chemical, thermodynamic or even numerical factors influencing
the morphology of fractal-like aggregates are quickly reviewed. When existing, an explanation of how the
corresponding aspect actually influences the morphology of aggregates is provided highlighting the current
level of understanding. Fig. 2.4 summarizes different aspects influencing the morphology of agglomerates/aggregates of nanoparticles. These factors can be associated with different transport mechanisms, namely
mass, momentum or energy. Due to the size of these aggregates (1 − 1000 nm) most of these mechanisms
are really complex and still not well understood, this is the reason why we typically find in the literature
studies only dealing with specific mechanisms such as aggregation (mass transfer) considering the drag
force (momentum transfer) caused by the interaction with the surrounding fluid [25, 39]. A review on the
morphological influence of some of these factors on colloid aggregates is found in Ref. [102].

2.1.9.1

Momentum transfer

Some of the forces experienced by fractal aggregates generating transfer of momentum are; drag, electrical,
magnetic [103], acoustic [104], and gravity [43]. Under the effect of an electrical field, polarizable particles
tend to align forming chain-like agglomerates with D f ∼ 1.2 [105]. External magnetic fields can be used to
induce dipole moments in primary particles and therefore forming chain-like agglomerates with D f as small
as 1.2. This is experimentally possible for particles with sizes between 10 − 500 nm [106]. The inter-aggregate
repulsion barrier (e.g., electrical double layer) reduces the collision probability of aggregates and may increase
the fractal dimension up to D f ∼ 2.1 for very low collision probabilities (∼ 10−3 , RLCA) [25, 107, 108].
The latter is not intuitive and the increase in mobility within colliding particles, and the subsequent increase
in particles inter-penetration, has been suggested as a possible explanation of the compact morphology of
aggregates [108]. Recently, Pankaj et al. [109] proposed a levitation magnetic and inductive heating method
CORIA laboratory
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PHYSICAL MODEL
Concentration of particles
Dimensionality (1d, 2d or 3d)
On/off lattice
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Conduction
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Radiation
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Condensation
Evaporation
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PRIMARY PARTICLES
Size
Polydispersity
Sintering/coalescence
Structure/composition
Van der Waals/electrostatic forces
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Figure 2.4: The different factors influencing the morphology fractal-like agglomerate/aggregate of nanoparticles.

for ferromagnetic metal nanoparticles assembly resulting in filamentary structures with fractal dimensions as
low as 1.3. This work revealed that magnetic field has to be in the order of 200 times the thermal energy of
the carrier gas to overcome Brownian fluctuations.

2.1.9.2

Mass transfer

Some mechanisms of mass transfer between aggregates and the surrounding fluid include condensation,
evaporation, and surface growth [110–112]. The agglomeration with other suspended primary particles or
other aggregates is one of the most important and most studied mechanisms of aggregates growth specially in
early numerical works [25]. The morphology of aggregates is determined by the mechanism of aggregation
(particle-cluster or cluster-cluster) or the trajectory of particles between collisions (ballistic or diffusion
limited). Particle-cluster aggregation leads to denser aggregates with larger fractal dimension due to the larger
probability of penetration in comparison with the cluster-cluster mechanism. Analogously, if the trajectory
of aggregates between collisions is ballistic it leads to denser aggregates with larger fractal dimensions
because they can penetrate deeper other aggregates, in contrast diffusive trajectories between collisions lead
to aggregation at the boundary of neighbors structures with less inter-penetration [113]. Due to mechanical
stress [114, 115], or oxidation [116, 117], aggregates fragmentation can take place. Sintering may also lead to
aggregate fragmentation [42]. Aggregate coating may lead to restructuring depending on the balance between
viscous forces, and primary particle binding forces [118].
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Energy transfer

The three mechanisms of heat transfer, namely conduction, convection and radiation are important for the
performance of aggregates. Increasing the temperature of primary particles can have two effects namely,
reduce the characteristic times of sintering, and increase primary particle mobility. The latter may lead to
aggregates thermal restructuring depending on the strength of bonds between primary particles. Various
studies have focused on the radiative properties (energy transfer) of these particles [55], including complex
details of aggregates such as primary particles polydispersity, necking, overlapping or coating [47, 119, 120].
However, the morphological change induced by energy mechanisms has received less attention in terms
of numerical simulations compared to experiments [93, 121–123]. Recently, Wang et al. [123] found soot
particles to be slightly more compact (larger D f by TEM image analysis) when externally irradiated by a
solid-state plasma light applied in the particles inception region of the flame.

2.1.9.4

Primary particles

The structure, composition (including mass density), size, polydispersity and mass transfer between monomers
(sintering/coalescence) are key aspects influencing the morphological details of aggregates. Wu et al. [124]
reported an inverse relation between the fractal dimension of colloid aggregates and the size of primary
particles within the 10 − 200 nm range. They also mentioned these results actually lack of explanation. On
the other hand, for low levels of monomers polydispersity [125, 126] no relevant effect on the morphology
of aggregates numerically generated by DLCA was found, however, for large levels of monomers polydispersity the morphology of aggregates characterized by the fractal dimension and prefactor are considerably
affected [74, 127]. The latter results currently lack of experimental evidence. Goudeli et al. [127] also found
that increasing PP polydispersity also delays the attainment of self-preserving size distribution. However,
there are still some fundamental points to be clarified. For example, they reported that the fractal prefactor is
strictly increasing with monomers polydispersity leading to values being one order of magnitude larger than
typical prefactors measured in experiments [128].

Finally, the degree of sintering between monomers affects the fractal dimension of aggregates and
most notably it may lead to the self-preserving size distribution of monomers size [42]. In principle we might
predict that increasing the degree of sintering would lead to a larger fractal dimension of DLCA aggregates,
however, initially (at low levels of sintering) it actually decreases and after the degree of sintering has long
progressed it leads to the formation of more compact aggregates until eventually (depending on particles
residence times) finally the aggregates become spherical [42]. The reason of the initial decrease in D f is that
smaller particles sinter faster than the larger ones leading to initially more elongated aggregates.
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2.1.9.5

2.2. NUMERICAL SIMULATIONS OF NANOPARTICLE FORMATION

The physical model

The initial concentration of monomers, the dimension (1d, 2d, or 3d) of aggregation and the fact that aggregates
are simulated on or off-lattice are factors relevant for the morphological aspects of fractal aggregates. The
fractal dimension of aggregates generated by cluster-cluster aggregation has been found to be independent
on the the on/off-lattice simulation [129], in contrast, aggregates generated by particle-cluster experience a
relevant variation in fractal dimension [25]. In addition, considering nanoparticle rotation may not affect the
morphology of aggregates [130] however, more recent studies have found less compact aggregates than the
classical DLCA regime when rotation is included [108, 131].

2.1.9.6

Thermodynamics of the surrounding fluid

The temperature, pressure and composition of the surrounding fluid are factors relevant for the interaction
with the particle and therefore influencing the dynamics of aggregation. Even more, in the context of
colloidal aggregation Xiong et al. [132] studied the effect on aggregation and aggregates morphology due
to the evaporation of the surrounding liquid. On the other hand, for soot particles in flames, it has been
suggested by experiments that pressure may (at some extent) influence their particle size distribution and
morphology [133–136].

2.2

Numerical simulations of nanoparticle formation

The present section aims at bringing a quick overview of the different alternatives currently available in the
literature, to simulate the aggregation of nanoparticles highlighting their main strengths and weaknesses in
the view of simulating the morphological aspects of fractal aggregates.
The growth of suspended nanoparticles by coagulation (agglomeration and/or coalescence) is found
in many industrial, combustion and environmental processes. In this context, particles naturally evolve
into polydisperse sizes and, except in the case of total coalescence, they evolve into complex morphologies [42, 102]. Different numerical methods can be found in the literature to simulate different characteristics
of this process [25, 102, 137]. As shown in Fig. 2.5, they can be classified into three main groups, i.e. those
focused on a single agglomerate such as, diffusion-limited, ballistic and reaction limited particle-cluster
agglomeration [138] (abbreviated as DLA, BPCA and RPCA, respectively), purely random algorithms [139],
based on Langevin Dynamics [41], and also tunable algorithms [140, 141]. Those focused on many agglomerates, also called DEM or Discrete Element Methods [112] and the Population Balance methods based on
the generalized Smoluchowski equation [142, 143].
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Figure 2.5: The different models to simulate the agglomeration of nanoparticles.

2.2.1

Population balance methods

This method was initially proposed in 1916 by Marian Smoluchowski [144] to actually simulate the coagulation and coalescence of suspended nanoparticles. This method does not deal with the details of particles
morphology, it is rather based on a balance of particles of different sizes by considering birth and death terms
in a continuum integro-differential equation [142]. This method brings the time evolution of the particle
size distribution typically in terms of particle volume and has been adapted to include different mechanisms
of particle formation such as surface reactions and fragmentation [42]. Analytical solutions exists for very
simplified cases such as the coagulation and coalescence of spherical particles. To study the kinetics of
aggregation there are many uncertainties related to collision frequencies, and regimes [42, 143, 145]. As
reviewed by Jeldres et al. [143] this method is generally adjusted based on empirical relations to study the
dynamics of aggregation and there are many different mathematical expressions to adapt the method to
specific aggregation mechanism (e.g., coagulation, and bridging flocculation) and system critical conditions,
i.e. flow regime, and particles size. Despite the above mentioned limitations, this method is highly used to
study aggregation in industrial-scale problems [146] as well as simulating the aggregation of soot particles in
flames [99, 147, 148].
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2.2.2

2.2. NUMERICAL SIMULATIONS OF NANOPARTICLE FORMATION

Tunable algorithms

They generate individual fractal aggregates consisting of spherical primary particles by particle-cluster
or cluster-cluster agglomeration. In these types of methods the morphology of the growing agglomerate
is constrained to respect a constant prescribed fractal dimension and/or prefactor, this is the reason they
are called “tunable algorithms”. With the aim at fixing the fractal dimension, Thouy and Jullien [149]
introduced the first tunable cluster-cluster agglomeration algorithm. Subsequently, several algorithms were
developed [150–160]. Filippov et al. [154] introduced a method able to preserve both the fractal dimension
and the prefactor. This method has been further improved in very computationally efficient applications
for monodisperse [161] and polydisperse primary particles [140]. The latter is named FracVAL and it is
accessible on line [140]. Tunable algorithms are widely used to study soot morphology and particle-light
interaction properties [45, 162–165]. However, they cannot in principle, be used to study the physics of soot
formation in flames. This because they do not take physical properties into account such as flame temperature,
and morphology is imposed rather than naturally resulting from the particle formation dynamics. Currently,
the accordance of tunable agglomerates compared to those produced by more physical codes is unknown.
Also, the selection of couples of fractal parameters (fractal dimension and prefactor) when varying one of
these parameters is uncertain. However, tunable algorithms may give enough accuracy depending on the
application. Indeed, they may be combined with physical codes to study the agglomeration of particles as
done in the context of fluidized bed agglomeration modeling [166].

2.2.3

Discrete element methods

To avoid redundance with previous works, in the following lines some important reviews currently available in
the literature are summarized. The focus is on DEM methods due to their ability to simulate the morphological
details of aggregates.
• Meakin 1999 [25]: The early work (mainly during the 80s and 90s decades) on aggregation by two
mechanisms; particle-cluster and cluster-cluster is reviewed. Special attention is paid to the models
and the effect of aggregation by ballistic, diffusion-limited and reaction-limited regimes on aggregates
fractal dimension. A complementary work, focused on the very early work in this field, including
aggregation and fractal aggregates morphology is the book of Jullien and Botet [24].
• Dickinson 2013 [137]: Despite it is focused on particle gelation and morphology of colloidal gels,
many different methods to take into account particle interactions and/or hydrodynamics interaction
are reviewed namely, Monte Carlo, Molecular dynamics, Brownian dynamics, Stokesian dynamics,
Dissipative particle dynamics, Multiparticle collision dynamics (or stochastic rotation dynamics)
and Fluid particle dynamics. Each method is quickly explained and important insights regarding
nanoparticles aggregation are given.
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• Eggersdorfer and Pratsinis 2014 [42]: It is a wide review, it offers an overview of aerosol particle
coagulation, aggregate/agglomerate stability, aggregate characterization and their industrial applications.
It is mainly focused on collision frequency functions for population balance equation and sintering.
• Lazzari et al. 2016 [102]: This review fundamentally focuses on the different processes, such as aggregation, breakage or coalescence influencing the fractal dimension of aggregates. Some techniques for
simulation of aggregation such as, Monte Carlo, Molecular dynamics, Brownian dynamics, Stokesian
dynamics and population balance equations are also discussed. Some techniques to measure the fractal
dimension and its importance in colloid science are also discussed.
Other reviews concerning fractal aggregates properties and applications include, aggregate mobility [55], light scattering [39], synthesis and technological applications of these particles [112, 167–
169].

2.2.3.1

Diffusion-/Ballistic-/Reaction-limited agglomeration

Depending on the transport mechanism leading to particle collision the agglomeration process is classified
into diffusion-limited (DLCA) when particles collide by diffusive motion [170, 171], or ballistic-limited
(BLCA) when particle collide ballistically [172]. Both agglomeration mechanisms consider an unitary
sticking probability after collision. Some agglomeration processes, especially in colloids are characterized by
a non-unitary sticking probability. When the latter is extremely low, in the order of 10−3 the agglomeration is
termed reaction-limited (RLCA) [108, 173]. As discussed later, soot agglomeration is much more complicated
than the above mentioned mechanisms, experiencing a transition between different regimes.

2.2.3.2

Langevin Dynamics

Since the application of Langevin Dynamics (LD) to study soot aggregation by Mountain et al. [174] many
studies have used this method to, among other objectives, providing corrections for the coagulation kernels
used in the PBE discussed in section 2.2.1 to account for the aggregate morphology [67, 174, 175], particlecluster aggregation or condensation [176, 177], high particles concentrations [178–180] or different molecular
regimes [181]. An introductory tutorial to this method is found in Ref. [182]. This method is very versatile,
allowing for example acoustic [104], turbulent [183], or magnetic forces [103] to be taken into account. Many
attempts have been made to improve the computational time efficiency of this method by reducing the number
of calculations [184], or by coupling with other simulation methods [67, 103, 183, 185].
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2.2.3.3

2.2. NUMERICAL SIMULATIONS OF NANOPARTICLE FORMATION

Monte Carlo methods

Monte Carlo (MC) is in fact a general technique of numerical integration for solving problems that may
involve too many calculations or do not have an analytical solution, its name comes from the extensive use of
random numbers. In the context of agglomeration, one can find Monte Carlo techniques used to solve the
population balance equation [186, 187] as well as to simulate aggregation by DEM. For DEM simulations
of aggregation one can distinguish between two different types of Monte Carlo methods however, this
difference is not clearly made in the literature!. Therefore, they should not be confused. The Configuration
energy or Metropolis Monte Carlo methods, where the probability of particles displacement is based on their
configuration energy. The second one is simply referred to as Other Monte Carlo methods. In the latter, the
effect of configuration energy is neglected and consequently the particle dynamics is purely determined by
their kinetic energy.

Configuration energy or Metropolis Monte Carlo
This method comes originally from the field of fluid modeling by discrete elements and was developed in
1953 by Metropolis [188]. A good introduction in this context is found in the book [189]. Also, a good review
on the adaptation of this method in a wider perspective to study the dynamics of colloidal systems was carried
out by Dickinson [190] and more recently by Satoh [191, 192]. In these simulations, the physical time is
not deterministic and results are usually expressed in terms of time iterations. The probability of movement
maximizes the variation in the configuration energy for the system. Satoh [193] discussed about the adaptation
of this method to the agglomeration of suspended nanoparticles. It has been used to study agglomeration of
nanoparticles [194]. Akhtar et al. [195] used this method to study the effect of sintering on the agglomerate
morphology generated in a 2d on-lattice system. Besides the “artificial” description of time, this type of
simulations are also limited to processes that can be described by potential energy functions, therefore,
including hydrodynamics interactions, or shear induced agglomeration is not trivial [102]. Interestingly,
Kikuchi et al. [196] found that actually the Metropolis MC method is consistent with the Fokker-Planck
diffusion equation, this means that even when particles are displaced in a canonical ensemble, their movements
can be related to a corresponding time of diffusion. Different studies have proposed different approaches
to obtain an equivalent physical time for Monte Carlo iterations by comparison with Brownian Dynamics
simulations [197–201].

Other Monte Carlo methods
This method has been mathematically and computationally validated to study the dynamics of suspended
monodisperse particles based on the theory of probability by demonstrating the convergence with the
solution of the generalized Smoluchowski equation (assumed to govern the time evolution of the system of
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monodisperse suspended spheres without hydrodynamics interactions) in the limit of small time-steps by
Cichocki and Hinsen [202]. However, it has not been formally probed to study the dynamics of agglomeration.
To the author’s knowledge, the first application of Monte Carlo to the agglomeration of nanoparticles was
developed by Kolb et al. [171], and Meakin [170] for 2d on-lattice DLCA. Different applications of MC
methods and advances on the technique come from studies of gelation and sol-gel processes [203–206].
Lattuada et al. [206] added a second step of agglomeration by introducing a probability of agglomeration
in order to study the transition from DLCA to RLCA. Similar approaches have been considered in other
subsequent studies [207–210].

2.3

Premixed and diffusion flames

The combustion process where fuel and oxidizer (typically air) are mixed first and burned later is called
premixed flame, for example the flames produced by a Bunsen burner. When combustion and mixing
happen simultaneously they are referred to as non-premixed or diffusion flames, e.g., candle flames. This is
because molecular diffusion determines the combustion rate. These flames can also be classified according
to their fluid flow as laminar or turbulent [211]. Academic, controlled premixed, and diffusion flames
represent a fundamental approach to study soot particle formation. Some of the difficulties in measuring (and
simulating) diffusion flames are the strong gradients of temperature, and particle concentration [212]. One
considerable advantage is their axisymmetry allowing radially resolved measurements thanks to laser-based
techniques [14]. Indeed, considerable progress has been achieved in terms of aggregate sizing, and volume
fraction measurements, especially in laminar ethylene flames [213, 214]. However, morphology and primary
particle characterization remain very challenging. Characterization of incipient soot particles is also currently
difficult [14]. For ethylene flames some progress has been achieved in terms of chemical kinetics modeling
for different species formation specially for gas hydrocarbon fuels (e.g., methane or ethylene), while for
liquid and solid fuels the progress has been much slower. Furthermore, Polycyclic Aromatic Hydrocarbon
(PAH) clustering, and soot nucleation are currently not well understood [215, 216].

2.4

Soot formation mechanisms and maturity

This section describes the main mechanisms involved in soot formation process (see Fig. 2.6), and the
numerical modeling is emphasized. Under fuel-rich combustion of hydrocarbons the formation of complex
Polycyclic Aromatic Hydrocarbon (PAH) has been observed. PAH molecules are typically simulated up to a
specific aromatic size in terms of a number of rings. For example [217] simulated soot formation including
PAH reaction pathways up to 5-rings. Another approach is to consider a linear lumping technique [218]
where aromatic grow without limit.
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Figure 2.6: Processes and mechanisms influencing soot formation [219].

2.4.1

Nucleation

There is consensus in considering PAH molecules as the precursors for soot formation in flames. However, this
has been a topic of intense research and the actual path for gas-particle transition is currently unknown [220].
The collision and clustering (stacking) of PAH molecules such as pyrene, benzene or larger aromatic
compounds are typically considered as the nucleation or incipient soot formation. This leads to incipient soot
particles of around 2 nm in size [116]. The clustering of these PAH molecules commonly leads to the formation
of spheroidal nascent soot primary particles, which can reach sizes around a few nanometers [215, 216, 221–
224]. These incipient soot particles can continue growing by surface growth, or decrease in size by oxidation
caused (mainly) by oxygen and hydroxyl chemical reactions. These particles may also experience coalescence
i.e., collision with subsequent restructuring to minimize surface free energy. Therefore these molecular
clusters are considered spherical. This PAH clustering process is very complex to understand (and simulate)
from a physical and chemical point of view. Molecular Dynamics simulations have provided important insights
into the formation of these nascent soot primary particles. For instance, they have provided an estimation of
soot available reactive sites and surface properties [225–227], molecular PAH cluster morphology [222, 228],
internal structure [229, 230], detailed PAH molecules interactions and clustering [231]. These simulations
have shown that smaller soot particles coalesce faster than larger ones [222, 230]. In this context, it
is reasonable to consider a critical time t2 (corresponding to a limit monomer diameter dc ) after which
agglomeration replaces coalescence leading to ramified structures also called fractal-like aggregates (see
Fig. 2.7).

2.4.2

Agglomeration

As the molecular clusters grow, their characteristic time of coalescence becomes negligible compared to
the characteristic time of collisions [116]. The collision frequency is determined by the particle size and
dynamics [232]. At short-distances (in the order of the particle size) the dynamics of these nanoparticles is
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characterized by Brownian Motion, and at a macroscopic scale (in the order of the flame size) these particles
are carried by the flow. When particles collide, they are commonly considered to agglomerate with an unitary
probability, forming random ramified, and self-similar structures referred to as fractal-like agglomerates [233].
Some progress has been achieved in terms of modeling soot agglomerates collision efficiency by considering
the change in agglomeration regime ranging from ballistic to diffusive [41, 67]. However, the simultaneous
dependency of this property on the flow regime (from free molecular/Epstein to continuum/Stokes) remains a
challenge and there is no theoretical approach to model this transition. Pure agglomeration may lead to a selfpreserving size distribution under specific agglomeration and flow regimes [67, 234]. Agglomeration kinetics
has known asymptotic values for ballistic or diffusive regimes but transition regime is poorly understood [235,
236]. Excepting a few works [112], the above mentioned problems have received little attention in the
literature for soot formation in flames, particularly the simultaneous dependence on agglomeration and flow
regimes has not been explored. In particular, their impact on particle morphology may be important but they
have not been explored.

2.4.3

Surface growth

Soot particle mass increase at the scale of primary particles is referred to as surface growth. This because
the chemical mechanisms explaining this phenomena involve soot surface reactions with gas molecules. In
this context, surface growth may happen by two mechanisms, namely condensation where a PAH molecule
condensates on the surface of soot particles, and Hydrogen-Abstraction-Carbon-Addition (HACA) mechanism.
In this mechanism an acetylene molecule coalesces with a soot particle at the same time that hydrogen is
removed from the particle [237]. The latter may explain soot dehydrogenation as observed in experiments [238,
239]. At the same time that soot C/H increases, the particle reactivity has been observed to decrease. Indeed,
experiments have shown that acetylene depletion is not the reason of surface growth rate decrease as soot
particles are ageing in the flame [238]. The heterogeneous reaction between soot particles and gas molecules
is commonly based on empirical relationships related with the availability of reaction sites, and Arrhenius-like
reaction rates [240]. The effects of surface growth on soot morphology have received little attention in the
literature.

2.4.4

Soot maturity

According to Michelsen et al. [219], soot maturity level describes how much it has evolved from inception
towards a fully mature graphite-like particle. In this context, soot particles experience changes in internal structure (how molecules arrange within primary particles), and chemical compsition (C/H ratio, and
elemental carbon to total carbon ratio). This combination of structural, and chemical evolution produces
macroscopic changes as observed in the increasing light absorption coefficient [241], the change on its spectral
CORIA laboratory

23

CHAPTER 2. DEFINITIONS AND STATE OF THE ART

2.5. SUMMARY AND RESEARCH NEEDS

Rebound critical
diameter
ds

?

size

Gas phase chemistry
(PAH formation)

Coalescence critical
diameter
dc

t1 µs

t2 ms

t3 ms

time

Current work simulations

Figure 2.7: Soot formation mechanisms and critical diameters.

dependence [242], and increasing mass bulk density [243]. Incorporating the consequences of soot maturity
in numerical simulations is currently a challenge due to the dependence on the atomic resolution of particles
for which Molecular Dynamics can give some clues [222, 244]. One remarkable attempt has been done to
track soot maturity in PBE-CFD codes for soot formation in academic flames [245]. More recently, soot
maturity was suggested to play a quite important role on soot coagulation efficiency as PBE-CFD simulations
of soot formation in premixed flames [246, 247].

2.4.5

Oxidation

The chemical reaction of soot particles mainly with oxygen and hydroxyl makes them lose carbon atoms
and therefore reducing the mass of primary particles. These carbon atoms may be located on the surface or
within primary particles and therefore oxidation can be a surface or volume phenomena [116]. The access to
internal soot primary particle structure is determined by their porosity [248]. This mass loss rate may lead to
agglomerate fragmentation, and thus decreasing agglomerate size [249].

2.5

Summary and research needs

Different transport mechanism have been studied in the literature as factors influencing the morphology of
nanoparticle aggregates/agglomerates. Generally, these studies are limited to specific regimes of particle-fluid
(continuum or free molecular), of particle-particle interaction (BLCA or DLCA), and of particle sticking
(RLCA). Also, they are typically restricted to study the global structure of aggregates, particularly focusing
only on the fractal dimension. Local compactness has received little attention especially in terms of mass
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transfer mechanisms such as surface growth. The variation of physical properties (such as temperature or
surface growth rate) during the aggregation process may induce morphological changes on particles such as
soot. There are a few works reporting physical mechanisms that considerably influence the morphology of
aggregates such as external electric or magnetic fields. These fields could be used in purpose for tailoring
agglomerate’s morphology. The morphological change induced by energy transfer mechanisms such as
laser-particle interaction, have received little attention in the literature.
PBE is commonly used to study the kinetics of agglomeration in terms of the time-evolving particle
size distribution. This method is based on the probability of particle collisions obtained from the coagulation
kernels [250–253]. Although this approach is very practical and widely used for simulating more realistic
scenarios of particles agglomeration [250, 252, 253], it relies on a good approximation of the coagulation
kernels. These kernels are dependent on the particle’s morphology, the flow regime, and agglomeration regime.
Only DEM methods are suitable to accurately study the morphology of aggregates/agglomerates [102]. For
these methods, the dynamics of individual particles should be simulated. To this end, the most accurate
method is Langevin Dynamics however, it is very computationally expensive [23, 102, 254]. On the other
hand, the classical DLCA/BLCA and RLCA, here referred as Monte Carlo methods, are faster but, limited
by the simplified particle dynamics and to the specific agglomeration/flow regimes. Contrary to LD, MC is
usually regarded as a method that relies on an artificial description of time, making it difficult to study the
agglomeration of nanoparticles [102]. Despite this, some efforts have been made to obtain a more physical
description of time [210, 255]. Unfortunately, as it is shown later, they can lead to incoherent time progress for
the ensemble of polydisperse particles and/or they are restricted to a specific agglomeration regimes (BLCA
or DLCA). Also, in different studies based on the MC method, the probabilities of particle displacement suffer
the same limitation and even for equivalent agglomeration regimes, different definitions of probabilities can be
found. For example, Kim et al. [208] compared different alternatives for calculating this probability when the
agglomeration takes place in the DLCA regime. One remarkable exception is the work of Heinson et al. [236]
who developed an interpolating formula to simulate the transition between BLCA and DLCA regimes. Finally,
particles are usually displaced along a constant distance in the order of the monomer’s diameter, regardless of
their sizes. Not many studies have considered size-dependent displacements [67, 256, 257].
Soot maturity evolution in flames involves a change in both chemical composition and bulk density
whose effect on soot morphology and aggregation kinetics has not been explored. Soot particles formed in
flames acquire a natural electric charge [258–260]. These electric charges are typically neglected in most
numerical simulations though they may influence the particle formation dynamics.
The effects of soot formation mechanisms such as surface growth on aggregates morphology is
currently poorly understood. For instance, surface growth may induce relevant changes on aggregates fractal
dimension and/or prefactor. How the morphology of this particles, in terms of volume and surface area,
depends on the degree of primary particle overlapping lacks of models to predict it.
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2.6. SCOPE AND ORGANIZATION OF THE DISSERTATION

The effect of soot particles detailed morphology evolution in the flame on the projected area powerlaws for the analysis of experimental TEM images has received little attention in the literature. They have
been studied only for simplified agglomerates generated by DLCA codes considering an artificial overlapping
between primary particles [29, 30]. Their dependence on primary particle size, polydispersity, physicallydriven primary particle overlapping is unknown. Since CFD simulations based on the PBE for simulating
the aerosol dynamics are not able to simulate the detailed morphology of soot aggregates, they need to be
coupled with codes revealing soot morphology.
In this thesis, a new MC method with justified probabilities of particles movement, considering sizedependent displacements and able to bring a validated and consistent physical residence time for individual
and for the ensemble of polydisperse particles is introduced. This method is numerically implemented and
referred to as MCAC (Monte Carlo Agglomeration Code), this is highlighted as a different method in Fig. 2.5.
MCAC allows the transition of agglomeration and flow regimes to be taken into account. This code is coupled
with CFD continuum simulations in order to account for the time-evolving flame temperature, nucleation, and
surface reaction rates. MCAC is able to simulate all the mechanisms of soot formation including nucleation,
surface growth, oxidation (and fragmentation), and agglomeration. In addition, MCAC can take the collision
and sticking probabilities into account. therefore, the role played by soot electric charges and maturity can be
explored.

2.6

Scope and organization of the dissertation

The main purpose of this dissertation is to numerically simulate soot formation under different laminar
flames conditions (premixed and diffusion). To this end, Monte Carlo DEM simulations are carried out to
account for the explicit morphology of soot agglomerates/aggregates. This leads to specific objectives as
listed below,
1. Develop and validate the MCAC code (Chapter 3).
2. Study soot agglomeration under flame conditions (Chapter 4).
3. Study the simultaneous soot aggregation and surface growth. Adapt MCAC to oxidation and timeevolving nucleation (Chapter 5).
4. Simulate soot aggregation, surface growth, and maturity evolution (Chapter 6).
5. Coupling CFD-MCAC simulations of soot nucleation, aggregation, surface growth, and oxidation
(Chapter 7).
The list of objectives is naturally reflected by the organization of the manuscript.
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3 | MCAC: Monte Carlo Aggregation
Code1
As shown in Fig. 3.1, MCAC simulations aims at representing the evolution of soot particles along a given
streamline in the flame (cyan continuous line). This streamline will determine a temperature profile, and the
gas-particle mass transfer. As shown on the right hand side, at the beginning of the simulation, soot particles
are considered spherical with a certain degree of polydispersity in size. These particles are initially randomly
distributed in a cubic box domain avoiding overlapping and introducing enough particles to respect a known
initial particle volume fraction. The cubic box domain is assumed to be carried by the flow, consequently
neglecting inertia effects. The latter is justified by the small size and mass of soot particles (rarely arriving to
micrometer range).

Figure 3.1: MCAC simulation method.
1 Part of this Chapter has been published in: Morán, J., Yon, J., & Poux, A. (2020). Monte carlo aggregation code (MCAC) part 1:
Fundamentals. Journal of Colloid and Interface Science, 569, 184-194.
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3.1. PROPOSED APPROACH

The trajectory of each individual particle within the cubic domain is integrated in time based on
a new Monte Carlo DEM approach. Periodic boundary conditions are considered. Particles are allowed
to agglomerate with a given probability of collision and sticking (thoroughly discussed in Chapter 6).
Additionally, when the number of agglomerates is reduced by a factor of eight then, each side of the box
is duplicated and the number of agglomerates is increased by a factor of 8. In this way, the simulation
domain remains always cubical. The new agglomerates correspond to periodic images of the existing ones,
ensuring a constant particle volume fraction while not influencing the agglomeration process [250, 251]. This
method is used to avoid the loss of statistical significance on the physical description of the system due to the
reduction of the number of particles (agglomerates) in the box due to agglomeration. At the same time they
are displaced, particles experience surface reactions. The latter leads to the formation of aggregates as the
one shown in the upper part of Fig. 3.1. These aggregates are accurately simulated in terms of morphology
based on the proposed MCAC method as described in the following sections.

3.1

Proposed approach

The proposed Monte Carlo Aggregation Code (MCAC) considers nanoparticle nucleation, coagulation,
surface growth, and oxidation. The latter may lead to aggregate fragmentation which is taken into account.
The term aggregation is preferred in the name of the code (MCAC) in accordance with previous similar
developments (DLCA/BLCA/RLCA/Tunable aggregation codes, as discussed in the previous chapter). This
is also explained by its goal of simulating strongly connected/overlapping structures (aggregates, also
referred to as hard agglomerates in the literature). The code can be explained in 8 main steps (see the frame
below).
The dynamics of nanoparticles simulations (steps 1-3) are described in the following sections of this
Chapter. The developments linked to particle agglomeration are given in Chapter 4, those linked to surface
reactions and nucleation (essentially steps 6-7) are given in Chapter 5, those linked to collision efficiency
(essentially steps 4-5) are given in Chapter 6. Finally, the details of CFD-MCAC coupling (essentially step 8)
are described in Chapter 7.
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Monte Carlo Aggregation Code
Step 1:

At the beginning of the simulation, particles are randomly distributed in a cubic
box avoiding overlapping.

Step 2:

One particle is randomly selected with a picking probability p.

Step 3:

The selected particle is moved in a random orientation (θ) along its persistent
distance (λ p ) or less if a collision with a neighbor is detected.

Step 4:

If no possible collision is detected, then continue to Step 6.

In the case of

possible collision, a random number (with uniform distribution) δ1

∈

[0, 1] is

generated and two possible outcomes exist depending on the collision probability
Pcoll ,

Step 5:

Step 4.1:

The two particles collide when δ1 ≤ Pcoll .

Step 4.2:

The process is restarted from Step 3 when δ1 > Pcoll .

A new random number (with uniform distribution) δ2

Continue to Step 5.

∈

[0, 1] is generated and two

possible outcomes exist depending on the sticking probability Pstick ,
Step 5.1:
Pstick .

The two particles stick together at the first point of contact when δ2

≤

Continue to Step 6.

Step 5.2:

Particle rebound takes place i.e., particle do not stick and collide

elastically when δ2 > Pstick .
Step 6:

The selected particle experiences surface reactions.

This means that its primary

particles may increase (surface growth) or decrease (oxidation) in size.

The latter

involves a subsequent check for aggregate fragmentation.

Step 7:

Step 6.1:

If no fragmentation occurred then continue to step 7.

Step 6.2:

Otherwise, the agglomerate is fragmented into smaller pieces.

Nucleation, where primary particles are randomly introduced in the domain (avoiding
overlapping with neighbors) may take place.

Step 8:

Otherwise, surface reaction rate, nucleation rate, temperature, and particle
composition are updated according to MCAC-CFD coupling.

When temperature evolve

then the gas viscosity, gas mean free path, and the particles friction coefficient
are updated.

This process is repeated iteratively from Step 2 until an user-defined

criterion is met, for example, a limit in residence time is reached.

3.2
3.2.1

MCAC: aerosol particle dynamics
Objectives and methodology

According to MCAC description given in section 3.1, the main purpose of the present section consists in
determining for each particle its persistent distance (λ p ), the corresponding time step (∆t), its probability of
displacement (pi ) according to its size, morphology and the thermodynamic conditions of the surrounding
fluid. It is also necessary to define a coherent physical residence time for the whole population of particles in
the system. As discussed before, these correspond to the main principles of MC simulations. Additionally,
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to the author’s knowledge, there are no studies discussing about the implications on for example λ p and ∆t
related to an accurate description of suspended nanoparticle dynamics. Consequently, this dissertation intends
to fill this gap of knowledge.

3.2.2

Results

3.2.2.1

The persistent distance λ p and the corresponding time step ∆t

Among the currently available options in the literature is the Fuchs [261] or Dahneke’s [262] persistent
distances however, the exact corresponding time step (∆t) for conducting MC simulations are missing in the
literature. One exception is Hayashi et al. [256] who used the Fuch’s persistent distance λ p = 8D/(πc) and
considered ∆t = λ p /c, where D and c are the diffusion coefficient and average Maxwellian velocity of the
particle, respectively.
Fig. 3.2 shows the mean squared displacement of an individual nanoparticle in suspension in a still
gas. The couple λ p and ∆t proposed in Ref. [256] is compared with Langevin Dynamics simulations (see
Section S1 of the SM A) as well as the Einstein theory of Brownian motion [263]. As observed in this figure,
the combination of λ p and the corresponding ∆t proposed in Ref. [256] is biased when compared with both
Langevin Dynamics and the theory of Brownian motion by a factor of 0.4. Considering this inconsistency, the
objective now is to find a proper persistent distance λ p and the corresponding time step ∆t for MC simulations

〈

〉

leading to a correct simulation of Brownian motion.

Figure 3.2: Mean squared displacement of a 1 µm spherical particle suspended in air at ambient conditions (fluid mean
free path 66 nm) as a function of time. Calculated from Langevin Dynamics simulations, Einstein’s theory on Brownian
Motion [263] and Hayashi et al. [256] simulations.
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The asymptotic behavior of Random Walks

A first methodology to find a λ p and its corresponding time step ∆t is to ensure an equality in the asymptotic
behavior of random walks obtained from a binomial approach and the asymptotic mean squared displacement
predicted by Einstein’s theory on Brownian Motion. This asymptotic behavior is also predicted by Langevin
Dynamics [264], and it is experimentally proved for particles suspended in fluids [265, 266]. The same
binomial approach is used for on-/off-lattice random walks and the results are explained in S2 of the SM A
and summarized in Table 3.1. For example, for a 3-dimensional off-lattice random walk of persistent distance
λ p and corresponding time step ∆t the following equality should be respected 6D = λ2p /∆t, where D is the
particle’s diffusion coefficient. Consequently, by selecting λ p or ∆t, the other can be obtained by using
this expression. However, the question now is, how to choose one of these two parameters? To answer
this question, a closer comparison between MC particle trajectory and the one simulated by the reference
Langevin Dynamics method is carried out. This is explained in the following section.
Table 3.1: Comparison of mean squared displacement for random walks (RW) compared against the generalized
Einstein’s relation.
Dimensions d

3.2.2.3

Einstein’s relation

On-lattice RW

Off-lattice RW

1
2
3

2Dt
4Dt
6Dt

[λ2p /∆t]t
[2λ2p /∆t]t
[3λ2p /∆t]t

[λ2p /∆t]t
[λ2p /∆t]t
[λ2p /∆t]t

d

2dDt

[dλ2p /∆t]t

[λ2p /∆t]t

Comparison with Langevin Dynamics

To mimic a MC simulation, the trajectory followed by a particle suspended in a fluid as numerically simulated
by Langevin Dynamics (see Section S1 of the SM A) is discretized. The discretization time step is nτ, where
n is a factor and τ is the momentum relaxation time τ = m/ f p defined as the ratio between particle’s mass
and friction coefficient. The friction coefficient of a spherical particle is determined as f p = 3πηd p /Cc (Kng ),
where η is the gas viscosity, d p is the particle’s diameter, and Cc (Kng ) is the Cunningham slip correction
factor,
"
#!
C3
Cc (Kng ) = 1 + Kng C1 + C2 exp −
Kng

(3.2.1)

where Kng = 2λg /d p is the gas Knudsen number, λg is the gas mean free path, C1 = 1.142, C2 = 0.558, and
C3 = 0.999 are empirical constants for air [267].
As shown in Fig. 3.3, the angle θ between two successive displacements is calculated as θ =
atan2(||a × b||/a · b), where a and b are the vectors corresponding to two consecutive discretized displacements,
the function atan2() corresponds to the typical inverse of tangent function found for example in Matlab
avoiding the division by zero when a · b = 0. This expression ensures an angle θ ∈ [0, π] and avoids numerical
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issues found for inverse cosine and sine functions [268]. The theory of Brownian motion predicts a rectilinear

θ = atan2(||a×b||/a·b); θ ϵ [0, π]
a = r(t)-r(t-nτ)
r(t-nτ)

r(t) θ

b = r(t+nτ)-r(t)
Particle’s
trajectory: r(t)
Langevin Dynamics

r(t+nτ)

Figure 3.3: Calculation of apparent mean free paths and the angles between succesive displacements from the trajectory
of a particle describing a Brownian Motion. The trajectory is calculated based on Langevin Dynamics simulations.
τ = m/ f p stands for the momentum relaxation time.

movement when t  τ meanwhile, for large times t  τ the movement becomes diffusive and therefore,
the particle performs movements in random directions [264]. Having this in mind, Fig. 3.4(a) shows the
normalized probability density function (pdf) P(θ)/Puni (θ) of the angle θ for different values of n. Puni (θ)
corresponds to the asymptotic distribution of angles, calculated based on θ = cos−1 (2% − 1), where % ∈ [0, 1]
is a random number with uniform distribution [140]. The Puni (θ) corresponds to a non-biased random polar
angle distribution.
On the one hand, for small n, namely n = 0.01, the ratio P(θ)/Puni (θ) is a narrow distribution with
larger probabilities for smaller angles suggesting no significant changes in directions. This is in accordance
with theory since the particle is experiencing a ballistic-like motion. On the other hand, for n = 50, the
normalized angle probability density function P(θ)/Puni (θ) is almost flat suggesting random displacements,
characteristic of a diffusive motion. Considering these results, a quantitative criteria is needed to select a
time step ∆t and thus, the corresponding λ p based on the aforementioned binomial approach. Because the
particle’s displacement in MC simulations is considered isotropic, here the goal is to determine the minimum
∆t, such that, the normalized pdf of θ becomes uniform. To this end, the information entropy S (n) is defined
based on the probability density function of θ as follows,
S (n) = −

X

P j log P j ,

P j = P(θ j )

(3.2.2)

j

where θ j is a discretization of the angle θ ∈ [0, π]. In Fig. 3.4(b) the normalized entropy as a function of
n is presented. The selected quantitative criteria consists in finding the minimum ∆t to reach 99% in the
normalized information entropy of θ. This is based on the idea that S (n) is a monotonically increasing
function of n as the kurtosis of the distributions shown and explained before is decreasing. As can be seen
in Fig. 3.4(b), this corresponds to n = 3, i.e. the movement becomes diffusive when ∆t ≈ 3τ. Finally,
considering ∆t = 3τ and the asymptotic condition imposed by the binomial approach combined with the
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Einstein’s theory on Brownian motion, a corresponding persistent distance λ p =

√
18Dτ is obtained.

a

b

n=3
(99%)

Figure 3.4: Normalized pdf of θ (a) and normalized information entropy of θ (b). Here, θ is the angle between successive
displacements of a particle in Brownian Motion calculated by discretized Langevin Dynamics trajectories. The
asymptotic distribution of angles Puni (θ) is calculated based on θ = cos−1 (2% − 1), where % ∈ [0, 1] is a random number
with uniform distribution [140]. This definition ensures a flat normalized distribution when n → ∞.

3.2.2.4

How to take into account the change in flow regime

Both the persistent distance and time step introduced in the previous section, strongly depend on the friction
coefficient of the suspended nanoparticles. The growth of these particles by coagulation may lead to a
change in both the flow regime and agglomeration regime. The flow regime is commonly characterized
by the classical gas Knudsen number Kng = λg /rm where λg is the mean free path of the gas and rm the
mobility radius of the suspended particle. When Kng → 0, the non-slip condition applies for fluid molecules
approaching to the surface of the suspended particle (continuum regime) meanwhile, when Kng → ∞, there
is slip between the fluid and the surface of the particle (free molecular regime). For spherical particles, it is
just necessary to introduce the Cunningham correction factor to the Stokes-Einstein friction factor in order
to numerically simulate the transition between both regimes. But, in the case of fractal agglomerates, it is
much more challenging and not many options can be found in the literature [37, 38, 55]. However, they are
typically limited to a specific regime and/or a constant fractal dimension (commonly D f = 1.78). There
are limited options in the literature to evaluate the agglomerate’s friction coefficient for all flow regimes,
some remarkable exceptions are the expressions proposed by Corson et al. [38] and Zhang et al. [37]. The
semi-empirical method proposed by Yon et al. [56] is preferred here due to its simplicity and good agreement
with the literature. This method is based on the following power law between the friction coefficient of the
agglomerate f and the number of primary particles N p ,
Γ /D f

f = fp Np p
CORIA laboratory
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Γ p = Γ p Kng

(3.2.3)
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here f p stands for the primary particles friction coefficient, and d p is the mass average primary particle
diameter. The method takes into account the morphology of particles by means of the fractal dimension D f .
The function Γ p is governed by the flow regime of primary particles [56],
1 1 Kng (d p ) + 4.454
Γ p (Kng ) = 1.378 +
2 2
10.628
"

!#
(3.2.4)

giving an important physical role to the primary particles diameter in the agglomeration process as shown in
Chapter 4.

3.2.2.5

Probability of particles displacement

In the context of MC simulations, contrary to the DEM approach proposed in the literature [112], particles
are iteratively displaced by randomly selecting them with a probability pi yet to be defined. As mentioned in
the previous chapter, this probability is often limited to a given flow regime. Here, an original definition for
this probability, valid for all the flow regimes is proposed. Indeed, to ensure a coherent physical time step for
a population of polydisperse particles, it is clear that particles moving faster have to be displaced more often
than slower ones. This is illustrated in Fig. 3.5 showing a simple set of 3 polydisperse particles where particle
3 has the shortest time step and 1 the largest one. In the time scale of particle 1, particles 2 and 3 should be
displaced twice and three times, respectively for the system to have the same residence time after ∆t1 .

Particle 1
Particle 2
Particle 3

Characteristic times (Δt=3τ )
Δt1
Δt2

Δt2

Δt3

Δt3

Δt3

Figure 3.5: Example of 3 different particles under the same thermodynamics conditions and their corresponding
characteristics times, corresponding to 3τ, i.e. 3m/ f .

This simple reasoning enables the determination of a general definition of the particle’s probability of
displacement,
pi ∝ ∆tmax /∆ti ,

(3.2.5)

where ∆ti is the characteristic time step of the ith particle and ∆tmax the maximum one among the whole
population of particles in the system (i.e. ∆t1 in Fig. 3.5). Eq. (3.2.5) can be normalized to obtain a probability
between 0 and 1 as follows,
pi = ∆ti−1 /

X

∆t−1
j

(3.2.6)

j

Thus, each time two particles collide forming a new one, the new ∆t has to be determined in replacement of
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the two colliding particles corresponding ∆t’s. Consequently, all the probabilities are re-evaluated.

3.2.2.6

Determination of a physical residence time

As discussed in the previous chapter, a physical residence time is often inaccurate or even missing in the MC
simulations found in the literature. Now, we show how this key variable can be easily derived in the proposed
Monte Carlo agglomeration code. To this end, let’s consider again Fig. 3.5. It is clear that the residence time
increases in ∆tmax = ∆t1 when particles 1, 2 and 3 are displaced 1, 2 and 3 times, respectively. Thus, the
residence time increases in ∆tmax after a total of nt = 6 random displacements, corresponding statistically to
the following expression,
nt =

X

∆tmax /∆ti

(3.2.7)

i

In this context, the population residence time in the (k + 1) iteration is increased as,
(k+1)
(k)
tres
= tres
+

∆tmax
nt

(3.2.8)

As shown more rigorously in Section S2 of the SM A, the definition of probability given by Eq. (3.2.6)
ensures a consisting residence time for the system of polydisperse particles.

3.2.2.7

Validation

This section aims at showing the ability of MCAC to simulate the Brownian motion of polydisperse particles
as a function of a physical residence time. To this end, three spherical particles having very different
diameters (in continuum, intermediate and free molecular flow regimes) are considered. To summarize,
√
MCAC considers the redefined persistent distance λ p = 18Dτ and the corresponding time step ∆t = 3τ as
well as the probabilities of particles displacement given by Eq. (3.2.6). Finally, the residence time is evaluated
based on Eq. (3.2.8). Note that collisions and subsequent aggregation/agglomeration are not considered in the
present test case. The agglomeration process is studied in more details in Chapter 4. The calculated mean
squared displacements of the three mentioned particles are reported in Fig. 3.6. Once again, LD simulations
are used to validate the proposed approach, corresponding to the continuous lines in this figure. The excellent
agreement highlights the robustness of the proposed MC method to simulate the dynamics of suspended
polydisperse particles for any individual flow regime.

3.3

Discussions and conclusions

Langevin dynamics predicts a transition from ballistic (very short times) to diffusive movement [264]. This
has been experimentally proved for particles in suspension in fluids [265, 266, 269]. The difficulty for
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dp,2 = 67 nm, Knf = 2
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Continous lines: Langevin Dynamics
simulations
dp,1 = 0.67 nm, Knf = 200

dp,3 = 6700 nm, Knf = 0.02

Figure 3.6: Mean squared displacement of particles as a function of time compared against Langevin Dynamics
(continuous lines) and Einstein’s theory on Brownian Motion, considering the proposed particles persistent distance and
the introduced probability of particles displacement.

Monte Carlo simulations is to find a persistent distance or apparent mean free path λ p to approximate this
transition in a single step. For this problem, there is no exact solution and only approximations can be
done. In the particular case of numerical simulation of agglomeration λ p is typically considered equal to the
monomer’s diameter independent on the agglomerate’s size [208, 209, 270]. Camejo et al. [257] proposed a
displacement proportional to the agglomerate diffusion coefficient being therefore restricted to the DLCA
mechanism. Other options include the Fuchs [261] or Dahneke’s [262] persistent distances as can be seen in
refs. [256, 271]. Despite the latter options may capture the essential aspects of the underlying physics, there
is no corresponding physical time step for each λ p . Therefore, it is decided to search for a proper persistent
distance λ p for MC simulations and the corresponding time step (∆t). Based on a binomial approach and the
√
discretization of Langevin Dynamics trajectories of individual particles, the λ p = 18Dτ and the ∆t = 3τ are
proposed, where τ = m/ f is the momentum relaxation time. This couple of persistent distance and time step
are recommended for conducting MC simulations.

The probabilities of particles displacement are commonly expressed as a function of the number of
primary particles of one agglomerate and the expressions are limited to specific DLCA or BLCA regimes [236,
272]. Many different expressions for the probabilities of particles displacement are found in the literature.
Commonly, for DLCA they are assumed proportional to the diffusion coefficient [171, 208, 210, 255, 273]
and for BLCA they are assumed proportional to the Maxwellian velocity [236, 272]. However, as showed by
Kim et al. [208] for colloidal particles experiencing DLCA, the most consistent results with experiments are
found when the individual diffusion coefficient are normalized by the maximum one. One remarkable attempt
to simulate the transition BLCA-DLCA is the work of Heinson et al. [236] who proposed an interpolation
expression for the probability of particles displacements. In the present thesis, a new probability of particles
displacement is introduced which is not constrained to a specific agglomeration or flow regime.
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Results of Monte Carlo simulations are commonly expressed in terms of the number of iterations
instead of a physical residence time [235, 236]. Another approach is to estimate the time between collisions
based on the coagulation kernels as done in Refs. [251, 270]. The latter method is limited to the cases where
the morphology of agglomerates and therefore, the coagulation kernels are known. Here, an accurate time step
for both individual and for the population of polydisperse particles are proposed. Individual time accuracy is
ensured by the definition of the time step associated with the persistent distance and the coherent population
time step is achieved based on the definition of the probabilities of particles displacements. The proposed
Monte Carlo Aggregation Code is validated. It combines the advantages of MC codes, i.e. the ability to
efficiently simulate the agglomerates formation including their complex morphology and the advantages of
Langevin Dynamics to respect a physical particles dynamics. The application of this code to simulate soot
agglomeration process is presented in Chapter 4.
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CHAPTER 4. SOOT AGGLOMERATION

4 | Soot agglomeration2
During the agglomeration of nanoparticles and in particular, soot, a change in both the flow regime (from
free molecular to near continuum) as well as the change of agglomeration regime (from ballistic to diffusive)
is expected. However, these effects are rarely taken into account in numerical simulations of particle
agglomeration and yet, they are suspected to have an important impact on the agglomeration kinetics, particle
morphologies, and size distributions. This work intends to study these properties by using MCAC as presented
in Chapter 2, focusing on the physical impacts of varying the particle volume fraction and monomers size
and polydispersity. The results show an important sensitivity of the kinetics of agglomeration, coagulation
homogeneity, and agglomerates’ morphology to the size of monomers. First, for smaller monomer diameters,
the agglomeration kinetic is enhanced and agglomerates are characterized by larger fractal dimensions.
Second, for large monomer diameters, fractal dimensions down to 1.67 can be found being smaller than the
classical 1.78 for DLCA mechanism. One important conclusion is that variation in time of both regimes has
to be considered for a more accurate simulation of the agglomerate size distribution and morphology.

4.1

Introduction

Particles formed under agglomeration naturally evolve into complex fractal-like morphology of polydisperse
size consisting also of polydisperse primary particles. Eventually, depending on the physical conditions,
particles may change the way they interact with the surrounding fluid and also the way they interact with
each other. In other words, particles may undergo a change of flow regime and/or agglomeration regime,
respectively. The flow regime is characterized by the classical fluid Knudsen number Kn f = λ f /rm , where λ f
and rm are the fluid mean free path and particle’s mobility radius, respectively. As introduced by Pierce et
al. [235], the agglomeration regime can be quantified by the nearest-neighbor Knudsen number Knn = λ p /rn ,
√
where λ p = 18Dτ is the particle persistent distance [274] calculated from the particle diffusion coefficient D
and momentum relaxation time τ = m/ f . The latter corresponds to the ratio between particle mass and friction
2 Part of this Chapter has been published in: Morán, J., Yon, J., Poux, A., Corbin, F., Ouf, F. X., & Siméon, A. (2020). Monte Carlo
Aggregation Code (MCAC) Part 2: Application to soot agglomeration, highlighting the importance of primary particles. Journal of
Colloid and Interface Science, 575, 274-285.
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coefficient. λ p is the distance over which particles experience an approximately ballistic movement [235]. rn
is the nearest-neighbor distance given by rn = n−1/3 − 2rmax where n is the particle number concentration and
rmax is the average maximum radius describing the agglomerate. This radius is around 1.5 the gyration radius
of agglomerates [30].
When Knn is high, cluster agglomeration tends to become ballistically limited (i.e. BLCA) whereas
when tending toward 0, it is diffusion-limited (i.e. DLCA). For soot particles generated in premixed or

free molecular
(Epstein drag)
BLCA/DLCA +
Epstein drag

DLCA + Stokes
drag

DLCA + Epstein
drag

100
0.01
1.00
Fluid Knudsen number Knf

diffusion ballistic
(DLCA) (BLCA)

NN Knudsen Knn
0.01 1.00 100

continuum
(Stokes drag)

Figure 4.1: Different regimes of agglomeration and fluid flow studied in the literature.

diffusion flames, the fluid Knudsen number has been typically considered to be Kn f  1, i.e. being in the free
molecular flow regime [66, 275, 276], meanwhile other studies have shown it can evolve down to Kn f ∼ 1
depending on the flame conditions [277]. Moreover, for different aerosol and colloid systems, fluid Knudsen
numbers up to Kn f ∼ 10 have been found in the transition regime for titania and silica aerosols [278], oleic
acid and sodium chloride aerosols [279, 280], di(2-ethylhexyl)sebacate in a rarefied gas [281] and down to
Kn f ∼ 0.1 by other studies involving different types of particles [282–285].
Fig. 4.1 summarizes most of the current simulations found in the literature as classified based on
the above mentioned Knudsen numbers. Agglomeration has been commonly studied in the continuum
flow regime for diffusion-limited agglomeration (DLCA + Stokes drag) [210, 286]. Indeed, in this context,
the transition from strong inter-particle interactions forces, i.e. DLCA to the weak interactions (reaction
limited agglomeration, RLCA) has been studied [210, 286–288]. In this chapter, focused on soot particle
agglomeration, strong interaction forces are not considered and therefore the transition towards the RLCA
regime is beyond the scope of this chapter. Pierce et al. [235] studied the DLCA with an Epstein drag, i.e.,
considering a friction coefficient valid for free molecular flow regime Kn f → ∞ [232]. Transition in the flow
regimes (abscissa in Fig. 4.1) is complex due to the lack of models for calculating the friction coefficient
of fractal agglomerates. In this context, some studies have treated both continuum and free molecular flow
regimes separately [23]. Similarly, BLCA and DLCA are generally treated independently [286]. Notably, only
a few studies have considered a transition between both agglomeration regimes (vertical axis in Fig. 4.1) but
commonly in the free molecular flow regime, i.e. with an Epstein drag [67, 236]. To the author’s knowledge,
simultaneous transitions between both agglomeration and flow regimes have not been considered in the past
except notably, the work of Thajudeen et al. [289]. The latter is based on Langevin Dynamics simulations by
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considering the agglomerate morphology, which is very accurate but computationally expensive. However,
the influence of the nearest-neighbor distance, the kinetics of agglomeration, the particle size distribution and
particle morphology were not systematically studied. The Monte Carlo Aggregation Code (MCAC), developed
and validated in Chapter 2 enables this knowledge gap to be covered with a reduced computational cost. In
this context, the focus is on the effect of particle volume fraction, and primary particle size and polydispersity.
The present chapter aims at illustrating that caution has to be taken regarding the change in both regimes
because they impact the kinetics of agglomeration, particle size distribution, and agglomerate morphology. On
the one hand, when increasing the particle volume fraction ( fv ), the mean distance between particles decreases
and therefore Knn increases. Thus, the agglomeration becomes more ballistic and therefore an increase in
the fractal dimension of agglomerates has been observed [270]. This is consistent with classical DLCA and
BLCA regimes [286], but in the present study, the transition between both regimes is continuous. On the
other hand, when the primary particle diameter increases (for example during aggregation or agglomeration
and surface growth process), the flow regime evolves. In the context of soot simulation, the agglomeration
process is often restricted to the Epstein flow regime because of the high flame temperatures. Nevertheless,
from nascent soot typically around 1-4 nm at flame temperatures to the mature primary particles around
30-60 nm eventually released to the atmosphere, the flow regime strongly evolves [91, 96, 290, 291].
Another objective of the present Chapter is to analyze and report the evolution of the coagulation
kernels during the agglomeration process. Indeed, the Smoluchowski (or population balance) equation
has been proved to be a powerful tool for modeling soot agglomeration [148, 291, 292]. This equation
follows the evolution of the particle number concentration as a function of time. To this end, k(i, j) has to be
known, i.e. the coagulation kernels determining the rate of collisions between particles i and j. In certain
cases, especially for fractal agglomerates, this kernel is a homogeneous function, i.e. k(ϑi, ϑ j) = ϑλ k(i, j)
where λ is the agglomeration kernel homogeneity parameter. This λ parameter is very important for the
kinetics of agglomeration and the resulting particle size distribution qualified as “self-preserving” [65, 66].
It has been proposed that λ depends on both the fluid Knudsen number and the nearest-neighbor Knudsen
number [235, 236], however, these relations are not well understood especially in the transition regime.
Considering its simplicity, the scaling hypothesis is widely used to obtain λ [278, 286, 293, 294]. However,
its accuracy is rarely discussed [295]. In the present work, a robust and more direct method for determining λ
is proposed.

4.2

Numerical simulations

MCAC algorithm as introduced in Section 3.1 is used. Pure agglomeration (without time-evolving nucleation,
and surface reactions) is simulated. Simulations start with a total of 3200 monodisperse or polydisperse
spherical primary particles, ending when the average number of monomers per agglomerate is 100. Particles
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systematically and irreversibly stick together upon collisions. Sticking and collision probabilities are assumed
unitary, and the consequences of this assumption are discussed later in Chapter 6. In this Chapter, a constant
primary particle bulk density ρ p = 1.8 g/cm3 is considered, corresponding to soot particles with low organic
content [296]. Three different monomer diameters are simulated, i.e. 1, 20 and 80 nm. Unless indicated, they
all consist of monodisperse monomers (σgeo,p = 1). For the case of polydisperse monomers, a lognormal
distribution is considered (σgeo,p = 2). Particles are suspended in air at a temperature of 1700 K and pressure
of 101.3 kPa, corresponding to flame conditions [297]. Three different volume fractions are simulated: 1,
10, and 104 ppm. Under these conditions, the fluid mean free path has a constant value of λ f = 498 nm,
this value is only dependent on fluid temperature and pressure [56]. On the other hand, the average primary
particle persistence distance goes from λ p = 183 nm for monomers having d p = 20 nm and σgeo,p = 2 up to
around λ p = 2000 nm for monomers having d p = 2 nm. The latter is dependent on the diffusion coefficient
and momentum relaxation time of the particles [274].

Except for the highest volume fraction 104 ppm (selected for being important for many colloid/aerosol
applications [178, 298–300]), these parameters were selected for representing soot particles generated under
different combustion systems [6, 91, 96, 297, 301]. All the results are averaged over 10 different simulations
and error bars reported in figures correspond to the 95% confidence intervals.
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Figure 4.2: Different regimes of agglomeration and fluid flow for (a) different particle volume fraction and (b) different
monomer diameters.
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Results and discussion
Agglomeration and fluid flow regimes

Figure 4.2 illustrates the main advantages of MCAC, i.e. to consider both the time-evolving agglomeration
regime (nearest-neighbor Knudsen number Knn ) and time-evolving fluid flow regime (fluid Knudsen number
Kn f ). This figure has the same axes as Fig. 4.1, but now illustrates the different cases simulated. It clearly
shows the ability of MCAC to simulate the evolution in this bidimensional map, indicating that the transition
from ballistic to diffusive and from free molecular to near continuum regimes are well taken into account.
This simultaneous transition is not commonly considered in the literature.
Initially, particles consist of isolated primary particles (top right position for each case). The initial
primary particle diameter and fluid thermodynamic properties determine the horizontal position of this starting
point, whereas particle volume fraction and primary particle diameter determine the initial vertical position.
As time progresses and agglomerates are growing, thus both Knn and Kn f are decreasing.
By comparing Fig. 4.2(a) and (b), it is observed that an acceptable variation of the monomer diameters
(for soot particles) seems to have a stronger influence on both regimes than a large variation of the volume
fraction. Except for the largest particle volume fraction, i.e. 104 ppm, the trends are generally related in a
power-law with a constant exponent. In the particular case of fv = 104 ppm, the system never reaches the
diffusive regime since the nearest-neighbor distance is in competition with the fast increase of agglomerate
size. This is interpreted as a trend towards the gelling process [293], being outside the scope of this thesis.
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characteristic time of agglomeration.
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Kinetics of agglomeration

Figures 4.3(a) to 4.3(b) show the time evolution of the inverse particle number concentration n(t), consisting
of the number of particles divided by the volume of the containing box. Due to agglomeration, 1/n(t) − 1/n(0)
is naturally increasing in time. At short times, when particles are small enough to be treated as spheres,
the behavior is approximately linear as predicted by coalescing spheres theory [232] (represented by the
black dash-dotted lines, i.e 1/n(t) − 1/n(0) = (t/τa )z̃ with z̃ = 1). This behavior is used to determine τa as
the exponent of the intercept from the log-log plot of 1/n(t) − 1/n(0) as a function of time. The calculated
values are reported in Table 4.1 and compared with the theoretical ones (τcs ). The latter are determined as
τcs = 2/(k0 n0 ), where n0 = n(0) is the initial particle number concentration and k0 is the coagulation kernel
of coalescing spheres taking into account the change in flow regime [302], calculated based on the monomer
diameters. This parameter is now used to normalize the time on the horizontal axis, thus, enabling this axis
to be standardized for the different curves presented. Indeed, the larger τa is, the longer the agglomeration
process takes. This characteristic time is strongly affected by the variation of fv and d p . Nevertheless, both,
τcs and τa are on the same order of magnitude except for the largest particle volume fraction (i.e. 104 ppm or
1%). Indeed, for this case, τcs is no longer accurate for predicting real coagulation efficiency [23, 178, 303].
The above-mentioned combination of z̃ → 1 and τa ≈ τcs ensures that there is a reliable simulation of the
agglomeration kinetics by MCAC, at least for short times. For longer times corresponding to larger particles,
Table 4.1: Parameters for the analysis of agglomeration kinetics at short and long times.

Case
fv (ppm)
1
10
104
d p (nm)
80
20 (σ p,geo = 2)
20
1
*

short times
τa (µs) τcs (µs)

z̃

long times
Kn f * Knn *

1191
107
0.06

1262
126
0.13

1.43
1.42
1.58

9.2
8.9
9.7

0.02
0.05
3.5

4550
505
107
0.03

4784
−
126
0.07

0.90
0.95
1.42
2.17

2.0
3.5
8.9
201

0.005
0.01
0.05
6.1

Taken at the end of the simulation, i.e. when N p = 100.

due to the agglomerate morphology, the behavior tends to a power law 1/n(t) − 1/n(0) = (t/τa )z̃ , where z̃
is the kinetic exponent that may be different from 1, and its value depends on the agglomeration and flow
regimes [23, 235]. These values are shown in Fig. 4.3(a) and Fig. 4.3(b) and reported in Table 4.1. Kinetics
of agglomeration is enhanced (z̃ increases) when increasing the volume fraction or decreasing the monomer
diameters. The largest value is found for d p = 1 nm, corresponding to ballistic agglomeration (the largest Knn
in Fig. 4.3(b)). This is in very good agreement with Pierce et al. [235] who reported an asymptotic value of
z̃ = 2.2 in this regime compared to 2.17 found in the present study. When decreasing Knn in Fig. 4.3, it corresponds to a general decrease of z̃, which appears to be more sensitive to the change of agglomeration regime.
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For the calculated kinetics exponents, the last two columns of Table 4.1 report a representative Kn f
and Knn . These results are in good agreement with the ex-situ analysis of soot coagulation (without surface
growth and nucleation) reported in [304] for soot particles in the 0.5 < Kn f < 10 flow regimes where
z̃ = 1.4 − 1.9 was obtained when the agglomeration is in the near-free molecular regime to z̃ = 0.69, 0.72
when agglomeration is in the near-continuum flow regime. Although it is not reported, according to the
simulations of coagulation, where better agreement is found based on a transition coagulation kernel, it is
concluded that agglomeration takes place in the BLCA-DLCA transition regime. The present results show
z̃ = 1.42 when Kn f ∼ 8.9 and z̃ = 0.9 when Kn f ∼ 2.0. Additionally, the current results are in qualitatively
good agreement with the sensitivity analysis of the population balance equation conducted in [78], where
z̃ = 0.7 was reported in the transition regime, z̃ = 1.0 in the continuum and z̃ = 2.0 in the free molecular flow
regimes for agglomerates consisting of imposed D f = 1.0 − 3.0. The kinetics of agglomeration is determined
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Figure 4.4: Dimensionless coagulation kernel H as a function of the diffusive Knudsen number KnD for (a) different
particle volume fraction and (b) different monomer diameters.

by the number of collisions between agglomerates over time. This is quantified by the collision or coagulation
kernels to be discussed in the following section.

4.3.3

Coagulation kernels

As explained in the introduction, an important input parameter for the Population Balance Equation for
evaluating the evolution of the particle size distribution is the coagulation kernel (k(i, j), i.e. the rate of
collisions between particles consisting of i and j monomers). Fig. 4.4(a) to 4.4(b) show the dimensionless
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coagulation kernel H for monodisperse particles as formulated by Thajudeen et al. [41],
H=

kii mi π2 R s,ii
fi PA2ii

,

(4.3.1)

where kii , mi , and fi are the coagulation kernel, mass and friction coefficient respectively. The symbols in the
figure correspond to the kii obtained from the present simulation based on the local slopes of Fig. 4.3(a-b)
(kii = 2dn−1 /dt as proposed by Heine et al. [178]). Mass and friction coefficients are evaluated from the
MCAC simulations. Also, R s,ii and PAii are the Smoluchowski radius and projected area, respectively. Both
are calculated based on the fractal dimensions reported later in this chapter (see Fig. 4.7) and the expressions
proposed in [41]. All the above mentioned properties are evaluated based on population average values. In
order to compare the current results (symbols) with the empirical relation proposed in [41] (continuous solid
curves), the results are plotted as a function of the diffusive Knudsen number as introduced by the same
authors and calculated as follows,
KnD =

(2mi kB T )1/2 πR s,ii
,
fi PAii

(4.3.2)

where kB is the Boltzmann constant. This Knudsen number has the same physical meaning as Knn used in
the present study but it is limited to a diluted system. As can be seen in Fig. 4.4(a-b) for all the simulated
cases, very good agreement is found between the present results and those by Thajudeen et al. [41] even
if the considered range of primary particle diameters and volume fraction is within 4 orders of magnitude.
Nevertheless, a departure is observed for the high volume fraction case (104 ppm, Fig. 4.4(a)) explained by
the deviation from the diluted assumption made in [41]. This illustrates that MCAC is able to reproduce
reliable kernels from ballistic to diffusive regimes since Thajudeen et al. [41] obtained their results based
on Langevin Dynamics simulations. However, MCAC is able to explore larger volume fractions and also to
take into account, the primary particle polydispersity with a reduced computational cost. Also, contrary to
Thajudeen et al. [41], the agglomerate morphology is not imposed in MCAC simulations. It is interesting
to note in Fig. 4.4(b), that monomer polydispersity tends to increase the dimensionless coagulation kernels,
especially for larger KnD .

4.3.4

Self preserving size distributions

It has been suggested in the literature that agglomerates attain a Self-Preserving Size Distribution (SPSD)
in both the free molecular and continuum flow regimes [67, 234]. In particular, concerning soot without
nucleation and surface growth [304], or simply when coagulation is dominant, SPSD has been experimentally
observed [305]. This means that, after a given time, the dimensionless representation of the density of
particles having a certain number of primary particles, converges toward an asymptotic form [306]. In
certain cases, especially for fractal agglomerates, the coagulation kernel k(i, j) is a homogeneous function,
i.e. k(αi, α j) = αλ k(i, j) where λ is the agglomeration kernel homogeneity parameter. Thus, λ can be used to
46

Institut National des Sciences Appliquées de Rouen

4.3. RESULTS AND DISCUSSION

CHAPTER 4. SOOT AGGLOMERATION

monitor the SPSD. Therefore, it is very interesting to study how this parameter is sensitive to a change in
agglomeration or flow regimes. Usually, λ is determined by fitting the SPSD [66, 235] or, as proposed by
Dongen and Ernst [307], relying on the scaling hypothesis (λ = 1 − 1/z̃) based on the above mentioned kinetic
exponent z̃. However, these approaches may not be accurate and robust. For these reasons, an original and
more robust method for determining λ and thus the agglomerate size distribution is proposed here. Indeed,
the SPSD is found to follow a generalized Gamma distribution function (the demonstration is given in Section
S3.1 in the SM A),


f (x) =

p/ad



"  p#
X
X d−1 exp −
,
e
xΓ(d/p)
a

(4.3.3)

where f (x) is the probability density function of the particle size. Here, x corresponds to one of the four size
R∞
parameters considered in the present study as indicated in Table 4.2. In this equation, Γ(y) = 0 ty−1 e−t dt
is the Gamma function, p is a dimension parameter, a = (1 − λ)−1/p , d = p(1 − λ), and X = x/e
x is a
x = (x p )1/p . In addition to this generalized analytical expression for the SPSD, an
dimensionless size where e
Table 4.2: Parameters for the generalized SPSD given by Eq. (4.3.3).

Size descriptor
number monomers
volume eq. diameter
gyration diameter*
mobility diameter**
*

x
Np
dv
dg
dm

p
1
3
Df
Dfm

Gyration diameter based or mass fractal dimension D f .
Mobility diameter based fractal dimension D f m (scaling exponent).

**

analytical expression of the q-moment of the generalized SPSD is provided in Section S3.2 of the SM A. In
Eq. (4.3.4), in particular, the q-moment based on the volume equivalent diameter dv = (6v/π)1/3 distribution
is shown,

q Γ(1 − λ + q/3)
,
dvq = dev
(1 − λ)q/3 Γ(1 − λ)

(4.3.4)

In the present work, the evaluation of the homogeneity coefficient λ based on a new and robust method
is proposed. It consists in solving Eq. (4.3.4) based on the volume equivalent diameters distribution by letting
the homogeneity coefficient as the unknown searched variable. This operation is performed for the first
(q = 1) and second (q = 2) moments of the distribution, thus providing two corresponding homogeneity
coefficients denoted as λM1 and λM2 , respectively and reported in Fig. 4.5 with filled and empty symbols,
respectively.

Let’s begin the analysis by focusing on the monodisperse case. At short times (corresponding to
small N p ), both, λM1 and λM2 are different, indicating the initial size distributions (Dirac) are not selfpreserving. That difference is not clear in Fig. 4.5 due to the amplitude of the overall variations of these
parameters. Nevertheless, a study of the difference between λM1 and λM2 (see Section S3.3 of the SM A)
enables determining the time (or equivalently the mean N p ) needed to reach a convergence, i.e. the time
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needed to tend toward a self-preserving state. This time-lag for SPSD is found to be on average ∼ 5τa
(not shown here) and appears to be equivalent to N p ≈ 20 as represented by the gray zone in this figure.
Consequently, before this convergence, the corresponding value of the homogeneity coefficient (−∞ in the
present case) is difficult to interpret in physical terms even considering the initial value is clearly determined
by the monodisperse agglomerate size distribution. However, for longer times (or larger N p ), both parameters
generally converge well toward a common value evolving in time suggesting that the particle size distributions
are quasi self-preserving throughout the agglomeration process. The range of observed values of λ for larger
agglomerates is between -0.5 and 0.5, in the acceptable physical range discussed by Pierce et al. [235], and in
good agreement with experimentally measured ones. Indeed, Wang and Sorensen [278] reported λ between
−0.28 and −0.46 in the range of Kn f ≈ 1.8 − 2.2 for silica and titania nanoparticles. From the results of
Maricq [304], λ between −0.39 and −0.45 are deduced (based on the scaling approach) for soot particles in
the same range of fluid Knudsen numbers.
The largest values of λ are observed for d p = 1 nm and fv = 104 ppm, where the agglomeration
is ballistically limited (see Fig. 4.2). In this regime, the increase in particle sizes means an increase in
the coagulation kernels since the projected particle area increases faster than the drag force [23] therefore,
positive λ are expected. In the case of d p = 80 nm, corresponding to agglomeration in the DLCA-near
diffusive flow regime (Kn f ∼ 2.0), negative values of λ are observed, meaning that larger agglomerates have
smaller coagulation kernels as a consequence of the increase in the drag force due to the larger number of
monomers per agglomerate [56].

To evaluate the impact of the flow regime, the case of d p = 80 nm and fv = 10 ppm, for which
λ = −0.5 (pink symbols), is again simulated by forcing the drag force to stay in the “classical” DLCA-Epstein
regime throughout the agglomeration process to serve as a reference case (black symbols, labeled DLCA in
the figure). Note that the reference DLCA case is much more stable in terms of λ compared to the initial
simulations for which flow regime variation is taken into account. Also, an asymptotic and different value is
quickly attained. This highlights the importance of considering the natural evolution of the flow regime. This
is confirmed by the observed important role played by d p as shown in Fig. 4.5(b), which is a key parameter
for evaluating the friction coefficient and its dependence on the fluid regime. In comparison, fv seems to have
a less relative impact.
Let’s now focus on the case of polydisperse monomers represented by green circles symbols in
Fig. 4.5(b). For short times (corresponding to small N p ), both, λM1 and λM2 do not differ considerably. This
is explained by the fact that SPSD is not very different from a lognormal distribution [308, 309]. Also, a very
different behaviour for λM1 and λM2 can be noted in this case compared to monodisperse monomers. This is a
promising result suggesting that an experimental tracking of the evolution of the homogeneity coefficient at
early stages of the agglomeration process, could be used to assess the primary particle polydispersity.
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As can be noted, the convergence between λM1 and λM2 is reached for a larger agglomerate size
(N p ∼ 70) when primary particle polydispersity is relevant. But when comparing the polydisperse and
monodisperse cases (with the same monomers geometric mean), a convergence toward the same asymptotic
value is observed, suggesting that primary particle polydispersity does not influence the agglomeration
process at long times. This is consistent with the results of Friedlander [232] and Goudeli et al. [310].
a
coagulation kernel
homogeneity

1.5

non
1.0 SPSD
104 ppm

0.5

10 ppm
1 ppm

0.0
-0.5
-1.0

coag. kernel
homogeneity

1.5

b

1.0 20 nm (
0.5
0.0
-0.5
-1.0

=2)

p,geo

1 nm
20 nm
DLCA
80 nm
20
40
60
80
_100
average number of monomers Np

120

Figure 4.5: Coagulation kernel homogeneity coefficients for (a) different particle volume fraction and (b) different
monomer diameters. Calculated from the first (λM1 , filled symbols) and second (λM2 , non-filled symbols) moments of the
volume equivalent diameter distributions.

Since homogeneity coefficients are found to be more influenced by the monomer diameters than
particle volume fraction, Fig. 4.6(a)-4.6(c) report the corresponding asymptotic SPSD obtained as a function
of the dimensionless volume equivalent diameter, gyration and mobility diameters, respectively. To avoid
overloading the figure, direct evaluation of the size distribution is reported in symbols only for the reference
case (i.e. d p = 20 nm), whereas continuous curves correspond to the theoretical self-preserving functions
(Eq. 4.3.3) evaluated with the final λM1 found in Fig. 4.5, i.e. when N p = 100. First of all, a good agreement
with the theoretical expression for the reference case is observed. This confirms that the size distribution
corresponds well to a SPSD. Secondly, the smaller the primary particle diameter, the wider the distribution
becomes. This is also found with larger fv (not presented here) indicating that ballistic and free molecular flow
regimes are characterized by wider agglomerate size distributions. This result is in agreement with coalescing
spheres for all regimes [234] and with agglomerates in the asymptotic regimes [67]. It is worth highlighting
the ability of MCAC to simulate the quasi-SPSD in the transition regime in terms of the different agglomerate
size parameters (volume equivalent, gyration, and mobility radius). However, the size distribution expressed
in terms of mobility diameter, does not converge exactly towards a lognormal size distribution (dashed red
line in Fig. 4.6(c)) as experimental measurements usually report. This discrepancy may be related to some
physical phenomena, relevant for soot formation in flames, yet not considered in these simulations (for
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example, interaction potentials, surface growth or thermophoretic forces). It should also be noted that the
simulated agglomerates are simplified in terms of morphology (one point contact spheres) compared to real
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Figure 4.6: Asymptotic particle size distribution expressed in terms of (a) the volume equivalent diameter, (b) the
diameter of gyration and (c) the mobility diameter.

The comparison of the particle size distribution, as expressed in terms of dv , dm or dg show different
degrees of apparent polydispersity. Indeed, for current simulations of fv = 10 ppm and d p = 1 − 20 nm,
the following geometric standard deviations are obtained σgeo,dv = 1.50 − 1.85, σgeo,dm = 1.58 − 1.98 and
σgeo,dg = 1.95 − 2.60 (these results are reported in Section S3.3 in the SM A). It is interesting to observe the
good agreement with the ranges of polydispersities observed experimentally. In fact, for soot particles in
ethylene diffusion flames, it has been reported that σgeo,dm = 1.31 − 1.33 as measured by Differential Mobility
Spectrometer [311] and σgeo,dg = 2.1 and ≈ 2.1 − 2.9 based on TEM images analysis reported in [311] and [6],
respectively.

4.3.5

Agglomerate morphology

The morphology of agglomerates is described by the population based fractal dimension D f and prefactor k f
obtained based on the fractal law,
va
= kf
vp

 D f
 dg 
 
dp

(4.3.5)

where va /v p is the ratio between the agglomerate volume and the average monomers volume (corresponding
to the number of primary particles N p ), dg is the diameter of gyration and d p is defined here as the numerical
average monomer diameter. It should be noted that there is no strict rule for using the fractal law when
dealing with polydisperse primary particles [140, 312]. Defining the representative primary particle radius
differently affects the thus determined fractal prefactor but not the fractal dimension. Also, the fractal law has
been considered to be valid only for sufficiently large agglomerates, typically N p > 20, however this number
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may be even in the order of 100 monomers [53]. When plotting N p in a log-log plot as a function of dg /d p , a
linear fit provides D f and k f . This procedure is repeated in the present study at each time iteration during
the agglomeration process. The resulting fractal dimensions D f are reported in Fig. 4.7(a-b) as a function
of the mean number of primary particles per agglomerate. An exactly time-invariant fractal dimension is
not achieved. However, its variation is very small for N p > 20 and depending on the application it may
be neglected. This indicates a non-fractal domain for N p < 20, highlighted in gray in the figure. It should
be noted that this limit is qualitative and values between 15 to 30 can be found in the literature [313, 314].
In Fig. 4.7(a), an increase in the asymptotic fractal dimension as a function of particle volume fraction is
observed, thus being in agreement with previous studies [257, 270, 287, 298]. This is because agglomeration
becomes more ballistic when increasing fv . Nevertheless, for soot agglomeration processes, such high volume
fractions may not be common. Furthermore, the observed variation of D f is not large (between 1.80 and 1.88).
Thus, it is unlikely that this parameter alone can explain the variability of the fractal dimensions found in the
literature [6]. Fig. 4.7(b) shows the more influencing effect of the primary particle diameter (D f between
1.62 to 1.86). First, it is very remarkable that this value decreases when increasing the monomer diameters.
The present results seems to indicate that the primary particle diameter, that plays an important role in the
evaluation of the drag force (see Eq. (2) in the preceding work [274]) and therefore, due to the change in
flow regime, has a significant impact on soot morphology. Thus, a small fractal dimension (down to 1.62)
can result in the agglomeration of large monodisperse primary particles or at least containing a few large
primary particles as seen in Fig. 4.7(b) for the polydisperse case σ p,geo = 2 reported in green. As indicated in
Chapter 2, some authors [310, 315] also reported consistent dependencies of particle morphology on primary
particle polydispersity, however the simultaneous change in agglomeration and flow regimes was not taken
into account.
As discussed before, the change in flow regime is evaluated by comparing the results with the
reference DLCA-Epstein case (black inverted triangle symbols in Fig. 4.7(b)). In this case, an asymptotic
fractal dimension of 1.77 is found. Therefore, taking into account the change in the flow regime, may have a
strong impact in the agglomerate morphology.
The evolution of k f as a function of N p can be interpreted as a morphological signature different from
the fractal dimension [316], and which is linked to the packing factor (see Chapter 2). Nevertheless, as for the
fractal dimension, the fractal prefactor is more influenced by the primary particle diameter and polydispersity
than by the particle volume fraction (see the Section S3.3 in the SM A). An interesting variation is observed
when analyzing the fractal prefactor as a function of the corresponding fractal dimension. This is shown in
Fig. 4.7(c-d) for N p > 20. The results are compared with the literature [35, 313]. The overall trend is that
both parameters are inversely related, which is in accordance with the cited references. It is interesting to note
that for both d p = 80 nm (σ p,geo = 1) and d p = 20 nm (σ p,geo = 2), the relative variation observed during
the agglomeration process shows a very different D f compared with other cases simulated having different
primary particle diameter and volume fraction.
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Figure 4.7: (a-b) Population based fractal dimension D f as a function of the average number of monomers per
agglomerate N p . (c-d) Fractal prefactor dependence on the fractal dimension for N p > 20 compared with Ehrl et al. [313]
and Sorensen & Roberts [35].

Finally, when analyzing the fractal dimension in Fig. 4.7(b) at large N p , a significant sensitivity to
the primary particle diameter is observed. Thus, the analysis is extended up to d p = 160 nm to explore this
dependency. The results are presented in Fig. 4.8 where, the fractal dimensions of agglomerates simulated by
MCAC, are compared with the experimental measurements reported by [317] and the classical DLCA and
BLCA limits under fixed flow regimes [286]. Here, the role played by primary particle size on agglomerate
morphology becomes evident as smaller fractal dimensions are found for larger d p , being in good agreement
with the referenced experimental data [317]. It is very remarkable that fractal dimensions below the classical
DLCA limit are observed when taking into account the simultaneous change of agglomeration and flow
regimes.
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Figure 4.8: The variation of the fractal dimension as a function of the primary particle diameter compared with the
BLCA (D f = 1.91) and DLCA (D f = 1.78) limits under fixed flow regimes [286] and experimental measurements [317].
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Projected area scaling-laws

Projected area scaling-laws are widely used to analyze experimental TEM images (see Section 2.1.8.1)
to infer 3d morphological properties of agglomerates from 2d projections [45, 77]. They are also used in
numerical simulations to determine the molecule-particle collision frequencies that depends on their projected
area [41, 78]. Table 4.3 reports the scaling exponent and prefactor obtained by a log-log fit of equation (2.1.13)
as shown in Fig. 4.9. This figure, reports the fits for the cases having primary particle diameter d p = 10 nm
and d p = 80 nm as examples. Both α and kα are overall close to the DLCA agglomerates kα = 1.10 and

Figure 4.9: Number of primary particles vs projected area scaling fits.

α = 1.08 values obtained by [30]. These parameters do not exhibit a systematic dependence on particle
volume fraction. However, a more relevant variation is observed for different primary particle sizes and
specially for d p > 10 nm where the scaling exponent is overall decreasing while the prefactor is increasing
when compared to d p ≤ 10 nm. Nevertheless, the variation in α is still less than 3% and less than 13% for kα .
Consequently, the scaling exponent and prefactor are robust with regard to changes in both agglomeration
and flow regimes.

4.4

Conclusions

Numerical simulations of soot agglomeration are carried out based on the Monte Carlo Aggregation Code,
MCAC proposed in this thesis, taking into account the variation through time of the nearest-neighbor and
fluid Knudsen numbers, enables a continuous transition to occur from ballistic to diffusive agglomeration and,
simultaneously, a continuous transition from free molecular to near-continuum flow regimes. Remarkably,
considering that the change in both regimes is seldom found in the literature, excepting the notable work of
Thajudeen et al. [289], focused on the determination of the agglomerates projected area and hydrodynamic
CORIA laboratory
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Table 4.3: Projected area scaling parameters.

Case
fv (ppm)
0.1
1
100
104
d p (nm)
1
5
10
40
80
160
Brasil et al. [30]

exponent
α

prefactor
kα

1.0736
1.0903
1.0786
1.0962

1.1532
1.0748
1.1286
1.0464

1.0964
1.0994
1.0955
1.0646
1.0716
1.0586
1.0800

1.0484
1.0447
1.0534
1.1731
1.1369
1.1913
1.1000

radius, under diluted conditions (low particle volume fraction). This work is extended here to study the
agglomeration kinetic, size distribution and morphology. The present work explores the role played by the
particle volume fraction, the primary particle size and polydispersity.
Except in the case of fv = 104 ppm, the dimensionless coagulation kernel is found to be in good
agreement with Thajudeen et al. [41]. The latter also found good agreement with subsequent works [299, 318,
319], therefore it is recommended for conducting population balance simulations of nanoparticle coagulation
under diluted systems [143, 287, 320]. This is especially important for nanoparticle coagulation in the
transition regime where collision kernels are treated separately and a limit to the fractal dimension is usually
considered for BLCA [78, 304].
The current investigation also enables some very interesting and original results to be highlighted.
In particular, the role played by the primary particle size and polydispersity. Indeed, it is observed that
increasing the primary particle diameter:
• Slows down the agglomeration kinetics. Increases the agglomerate size geometric standard deviation
while keeping the quasi self-preserving size distribution.
• Induces an substantial decrease in the mass fractal dimension down to D f = 1.67 for large monomers
(d p = 80 nm) at flame conditions. This is much lower than the typical 1.78 usually considered for
agglomerates generated by pure DLCA. This was empirically observed by Wu et al. [287, 317] who
highlighted the lack of explanation for this trend.
An inverse correlation between the fractal dimension and prefactor is observed during the agglomeration process. This has only been studied previously in an asymptotic fashion before [35, 313]. This finding
is of great importance for improving the physical representation of agglomerates generated with tunable
algorithms [140, 166]. The homogeneity coefficient is found to be (highly) dependent on the primary particle
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polydispersity only at the beginning of the agglomeration process.
All these results highlight how the change of regimes experienced by the particles has a significant
impact on the dynamics of agglomeration, particle size distribution and morphology. In addition, the present
work proposes:
• A generalized expression for the Self Preserving Size Distribution taking the form of a generalized
Gamma distribution irrespective of the considered agglomerate size parameter. This opens the way to
an experimental determination of the homogeneity coefficient by measuring the distribution of gyration
diameters by light-scattering [97, 278, 300, 311, 321], by TEM images analysis [6] or electrical
mobility particle classification [56, 304]. It also enables the different ranges of agglomerate size
polydispersity to be understood when determined as a function of the selected size parameter (the
standard deviation is found to be larger for gyration diameters than for mobility or equivalent volume
ones).
• A new and robust method for numerically determining the coagulation homogeneity coefficient λ,
is introduced, being therefore, an alternative to the classical scaling approach [293, 294, 307]. It is
based on the first and second moments of the introduced generalized self-preserving particle size
distribution [66, 235, 236].
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CHAPTER 5. SURFACE REACTIONS AND NUCLEATION

5 | Surface reactions and nucleation3
Soot particle surface growth may have a significant impact on aggregation kinetics, particle morphology, and
both aggregate and monomer size distributions. Particularly, the morphological effects of surface growth are
currently poorly understood. This is complex since surface growth also affects the kinetics of aggregation
resulting in a time-dependent competition between both phenomena, producing very different morphological
markers. This Chapter aims at improving our understanding of the morphological impact of surface growth
by implementing this process in MCAC for the simulation of soot formation in an ethylene premixed flame.
An asymptotic average primary particle overlapping ∼ 30% is observed for different flame conditions. The
primary particle coordination number is highly sensitive to surface growth rate and particle volume fraction,
and maximum values are on average within the 4 - 8 range. The particle local compacity, as quantified by
the packing factor, is also considerably increased when aggregates experience surface growth, contrarily
to the fractal structure of individual aggregates that seems more dependent on the aggregation regime
rather than surface growth. Finally, surface growth narrows both the primary particle and aggregate size
distributions.

5.1

Introduction

Up to now, as done in previous chapters, most of the numerical studies have considered the role played by pure
aggregation, explaining the fractal-like nature of soot particles [23, 183, 185, 257, 322]. However, limiting
the study to the agglomeration alone (without considering additional mechanisms of soot formation) results in
point-touching primary particles which are commonly not representative of experimentally measured particles.
Notably, for particles formed in flames (such as soot), surface reactions and particularly surface growth cannot
be neglected. This is because they occur simultaneously with aggregation process producing overlapped
primary particles [30, 31], as commonly observed in TEM images of aged soot particles in diffusion and
premixed flames [6, 77, 323, 324]. This overlap is suspected to affect the particle surface area to volume ratio
3 Part of this Chapter has been published in: Morán, J., Poux, A., & Yon, J. (2021). Impact of the competition between aggregation
and surface growth on the morphology of soot particles formed in an ethylene laminar premixed flame. Journal of Aerosol Science, 152,
105690.
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(specific surface area) which has been suggested as one of the most important dose metrics for nanoparticle
toxicity by inflammatory response and oxidative stress of pulmonary cells [7–12]. Surface growth may
provide nearly all the mass of the ultimately formed soot particles in flames [238, 325], in consequence, many
authors attribute the primary particle overlapping to surface growth [110, 326, 327]. Nevertheless, some
authors attribute monomer overlapping to partial sintering [73, 328], or both partial sintering and surface
growth [329].
In addition to the impact of inter-penetrated primary particles on the specific surface area, it should
be noted that primary particle overlapping plays an important role in soot particles radiative properties [47,
164, 330]. Thus, it can also affect climate models and particle sizing by optical techniques such as timeresolved laser-induced incandescence. Indeed, the latter technique requires an accurate determination of both
aggregate’s volume and surface area [91, 118, 331] but also the amount of overlapping between monomers
which influences the heat transfer (notably, conduction) rates with the surrounding gas [332].
Surface growth is a complex chemical process involving the heterogeneous reaction between molecules
and particles with time-evolving composition and consequently reactivity [218, 240, 333]. In this context,
primary particle overlapping produced by surface growth has been shown by a few remarkable works [110,
112, 326, 327, 329]. However, it has not been quantified and systematically studied. Here, we support
the idea that a temporal competition between aggregation and surface growth mechanisms can affect the
resulting particle morphology, and thus the degree of primary particle overlapping. This can be easily
illustrated by considering two asymptotic cases. Let us firstly consider surface growth acting on isolated
monomers is achieved before any aggregation takes place. This will naturally produce agglomerates made
of point-touching large spheres (without overlapping), corresponding to the agglomerates formed under
no surface growth [23, 183, 185, 257, 322]. Let us secondly consider that highly mobile initially isolated
monomers collide and aggregate very quickly before any surface growth takes place. For sufficiently long
subsequent residence time under surface growth, this will certainly produce nearly spherical very compact
aggregates [326, 334, 335]. In this context, the balance between aggregation and surface growth is suspected
to play an important role in particle morphology. This balance is not trivial since both mechanisms are
inter-dependent. Indeed, since surface growth increases the mass of individual clusters, it may also influence
the kinetics of aggregation. The present work aims at studying this competition between aggregation and
surface growth and its impact on particle morphology. To focus on these two mechanisms, we consider
experimental data available for soot surface growth from a premixed laminar flame without considering the
nucleation and particle fragmentation induced by oxidation.
However, primary particle overlapping is not the only consequence of the simultaneous aggregation
and surface growth. A special attention is paid to the particle coordination number nc (i.e. the number of
intersections of monomers with neighbors [72, 336]). Unfortunately, this parameter is commonly overlooked
in the literature. And yet, along with the overlapping coefficient, it plays an important role in the funda58
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mental physicochemical properties of aggregates such as the heat/electrical conduction, catalytic/chemical
performance, radiative properties, and mechanical resistance [194, 270, 337–339]. The combination of
the time-evolving overlapping and coordination number of primary particles makes the determination of
aggregate volume and surface area quite challenging. Some numerical methods exist, such as the highly
accurate libraries ARVO [340] and SBL [341] as used in [79, 210], approximate ones by calculating the
spherical caps [30, 45, 323] as done in [45, 187], by using Monte Carlo methods [334, 335], and based
on aggregate discretization [31, 111, 342]. The aforementioned methods are commonly computationally
expensive, especially the aggregate discretization and the accurate libraries ARVO or SBL. One exception is
the approximate methods based on the spherical caps, however as further discussed later, they quickly fail
when increasing primary particles overlapping and coordination number since multi-sphere intersections is
neglected. In this context, we propose a new accurate semi-analytical and quite computationally affordable
method to calculate both the aggregate’s volume and surface area.
An additional fundamental question that arises when considering the complex morphological evolution
of soot particles under surface growth is about the change in its fractal-like structure. Some authors have
suggested that only the fractal prefactor should increase due to primary particle overlapping [30, 31, 73]
at least for overlapping coefficients no larger than 30%. However, strong surface growth rates may lead
to sphere-like particles that can hardly retain the same fractal structure [326, 334, 335]. Most of the cited
works are based on the population fractal structure derived from the fractal-law. However, remarkably
different results are obtained when analyzing the morphology of individual aggregates as experimentally done
by the box-counting method in Refs. [15, 324], and recently numerically by analyzing the volume-based
pair correlation function [53]. The latter enables accurate characterization of the aggregate morphology by
determining the individual fractal dimension and packing factor [51]. These parameters represent the global
structure and the local compacity of aggregates, respectively. For this reason, this method is adopted in the
present work to investigate the effect of surface growth on soot aggregates morphology.

5.2
5.2.1

Methodology
Surface growth model

As schematically shown in Fig. 5.1 and without loss of generality, an individual monomer belonging to an
aggregate is increasing in radius from r p (t) to r p (t + ∆t) due to a local adsorption governed by a specific
surface mass flux density ϕ in (kg/m2 /s) units during a time step ∆t. In this context, the increase in the
monomer mass and volume can be calculated as,
∆m p = ∆v p ρ p =

Z

ϕds p ∆t

(5.2.1)

sp
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Figure 5.1: Surface growth modeling as exemplified by an aggregates of 2 primary spheres.

where ∆m p and ∆v p represent respectively the increase in mass and volume and s p is the surface area of
the monomer exposed to the molecular flux ϕ. The ratio ϕ/ρ p = u is homogeneous to a velocity and can
be interpreted as the surface growth rate. In addition, for small ∆t and ϕ uniform along the primary sphere
exposed surface area, ∆v p can be approximated as ∆v p = s p ∆r. Finally, combining this expression with
Eq. (5.2.1) the following expression is obtained,
r p (t + ∆t) = r p (t) + u∆t

(5.2.2)

Thus, under the assumption of uniform mass flux, it appears that the absolute increase in primary particle
radius is uniform for all monomers belonging to an aggregate. Note that a similar approach has been carried
out by [334]. In this approach, the surface growth rate is a function of time because soot particles reactivity
reduces when ageing through the flame [237, 240, 333, 343, 344].

5.2.2

Numerical simulation of the coupled aggregation and surface growth

The MCAC code introduced in Chapter 3 is adapted to particles surface growth. In order to accurately
simulate the particle dynamics and collisions with other clusters, the mass and friction coefficient has to
be calculated by MCAC. In the context of the present study, these two quantities have to be evaluated by
considering the structure of aggregates under surface growth. Thus, the friction coefficient is calculated
based on Eq. (3.2.3) where the aggregate’s friction coefficient f is proportional to the individual monomer

Γ p /D f
friction one f p according to the following power-law: f = f p Np,eff
, where Γ p is given by Eq. (3.2.4).
Additionally, Np,eff is the effective number of primary particles per aggregate defined as Np,eff = Va /v p
where Va and v p are the aggregate and averaged primary particle volumes, respectively. Without overlapping
between monomers we have: Np,eff = Np , with Np the number of constituent primary particles in the aggregate.
However, in the case of aggregates consisting of overlapped monomers, Np,eff is smaller than Np . For example,
if two primary particles are perfectly overlapped we have Np = 2 but Np,eff = 1.
Thus, in order to evaluate Np,eff , the actual aggregate’s volume must be determined. Without over60
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lapping, we simply find Va = Np × v p , which was used in Chapter 4. However, when primary particles are
overlapped, we have to consider a correction factor αv ∈]0, 1] such that the total volume of the aggregate
is Va = αv × Np × v p . Consequently the effective number of monomers is calculated as Np,eff = αv Np . For
the aforementioned example of a totally overlapped dimer, αv = Np,eff /Np = 1/2. The same correction is
naturally used for the evaluation of the particle mass m = ρ p × αv × Np × v p . This correction is thoroughly
explained in the following section.

5.2.3

Volume and surface area approximation

In this section we introduce two corrective factors αv ∈]0, 1] and α s ∈]0, 1] used to calculate the volume
and surface area of aggregates experiencing surface growth and therefore a certain overlap between the
constituting primary particles. These factors are defined as a correction to bring to the volume and surface area
P N

P N p

3
2
evaluated without considering any overlapping, i.e. Va = i=1p 4π
i=1 4πr p,i × α s . When
3 r p,i × αv and S a =
particles do not experience surface growth then αv = α s = 1 and therefore the volume and surface area of
aggregates correspond to the sum of the total spherical primary particle ones, respectively. When more than 2
primary particles are overlapped there is no analytical solution for αv and α s and only approximate expressions
can be obtained only when neglecting multi-sphere intersection [30, 45, 323, 345]. Indeed, neglecting this
term is commonly done in the literature [30, 45, 187] however it can lead to a large underestimation of the
real particle’s volume and surface area. This simplification can also produce negative values in certain cases
of high overlapping and multi-sphere intersection. Here a method to estimate the volume and surface area of
fractal-like aggregates composed of N p primary particles is introduced by proposing an analytical correction
for the multi-sphere intersection. The derivation of the proposed volume and surface area factors is provided
in S5.1 of the SM A, and the final expressions are given as follows,

1 
αv = 1 − nc 3c220 − c330 + βv
4
1
α s = 1 − nc c10 + β s
2

(5.2.3a)
(5.2.3b)

where nc is the average coordination number over the primary particles of a given aggregate [346], cq0 is the
q-moment average overlapping coefficient. These parameters are calculated based on all the intersections
between monomers belonging to an aggregate. Additionally, βv and β s are the proposed correction factors for
multi-sphere intersection,
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βv = av c330 (nc − nc,min ) + bv (nc − nc,min )1.5

(5.2.4a)

β s = a s c210 (nc − nc,min ) + b s (nc − nc,min )2

(5.2.4b)
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where,
nc,min = 2(N p − 1)/N p

(5.2.5)

is the minimum average coordination number. It ensures βv = β s = 0 when no multi-sphere intersection
exists, i.e. when nc = nc,min . For example, for a dimer nc = nc,min = 1 can be easily verified. This is true
for any agglomerate consisting of point-touching primary particles. In the limit N p −→ ∞ this expression
leads to nc,min −→ 2, this is quite robust regarding particles morphology considering that both DLCA and
RLCA agglomerates show nc,min −→ 2 for very large agglomerates [52]. This parameter is also unaffected by
the primary particle polydispersity for DLCA agglomerates [53]. The same conclusion has been obtained
for monomer-cluster aggregation mechanisms where much compact structures are formed [72], and also for
cluster-cluster tunable aggregates [347]. In these expressions av , bv , a s , and b s are constant values obtained
by post-processing fits (see Section S5.2 of the SM A). Considering primary particles as monodisperse is a
good conceptual starting point however, soot primary particles are never monodisperse [6, 91] and therefore
an equivalent expression is provided in this Appendix for polydisperse monomers.

5.3

Numerical simulations

MCAC introduced and validated in the previous chapters is adapted here to simulate soot particles aggregation
and surface growth by considering the correction factor αv in the evaluation of the particle mass and friction
coefficient as discussed in the previous sections. The simulations are conducted by fixing T = 1700 K and
P = 1 atm, corresponding to the ethylene laminar premixed flames studied by [238, 239]. More recent
measurements have confirmed the temperature to be within the 1650 − 1770 K range [348], and for a wider
range of argon-ethylene premixed flames between 1600 and 1900 K by [349].
As shown in Fig. 5.2, two scenarios of time-decreasing surface growth rate u are considered in the
present study. These rates are based on the referred experimental measurements considering a constant soot
particle mass bulk density ρ p = 1800 kg/m3 for two flame conditions. This corresponds to soot particles with
low organic content [296]. To ease the interpretation of results they are referred all along the manuscript based
on their initial surface growth rate (u0 = 0, 0.4, and 0.6 (see Fig. 5.2)) and particle volume fraction fv . Cases
with u0 = 0.4 and u0 = 0.6 correspond to C/O = 0.82, and 0.94 rich premixed flames, respectively. This was
achieved by changing the fuel-oxidizer equivalence ratio [238, 239]. As a reference case, we also consider a
simulation of pure aggregation (u = 0). Based on the available data of surface growth rates from [238], the
current modeling covers the 8.3 − 30 ms range in residence time, corresponding approximately to 5 − 25 mm
in height above the burner. According to the referred measurements, the initial geometric mean diameter is
d p = 8 nm. Simulating aggregation for shorter residence times is challenging without considering nucleation
and nascent soot coalescence. Then, starting the simulation at d p = 8 nm consists in considering mature soot
without nucleation, sintering and coalescence [215, 350]. We hypothesize that aggregation is negligible at
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Figure 5.2: Surface growth rates [239].

residence times t ≤ 8.3 ms due to particle coalescence. The primary particle geometric standard deviation is
fixed to σ p,geo = 1.2 at the beginning of the simulation in accordance with data from the literature of premixed
flames [96, 324, 329].

Based on [238, 239], an initial particle volume fraction of fv = 0.118 ppm is considered for cases
with u = 0, u0 = 0.4 and u0 = 0.6. In addition to the change of surface growth rate, we also evaluate the
impact of the initial volume fraction. To this end, we also simulate the case u0 = 0.6 by considering a larger
volume fraction, namely fv = 0.357 ppm. In consequence, a total of four cases are simulated in the present
work, corresponding to different levels of surface growth and initial volume fraction. In addition, for each
simulation, a total of 1024 primary particles are randomly distributed in a cubic box avoiding overlap between
each other [274]. This number is smaller than in our previous work [322] since surface growth considerably
increases the CPU time cost of simulations. Indeed, one typical simulation of this work takes between 15
to 19 h in CPU time (Intel Xeon E5-2683 v4, with 20 Gb of RAM memory). A total of 10 simulations are
carried out for each case and results presented later correspond to the average over these simulations. Finally,
the current procedure is validated by comparison of the kinetics of aggregation and aggregate size distribution
for the case u = 0 with macroscopic Population Balance simulations. In this context, the nodal method
proposed by [351] for coalescing spheres is adapted to aggregation based on the method proposed by [41]
and the results are reported in Section S4 of the SM A. Considering the uncertainties of Population Balance
simulations (particularly in terms of aggregate’s fractal dimension and prefactor), the comparison reports
satisfactory consistent results.
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5.4. RESULTS AND DISCUSSIONS

Results and discussions

Aggregation and flow regimes

Smaller soot particles tend to agglomerate more ballistically while larger particles or aggregates come
to contact in diffusive motion. At the same time, the interaction with the surrounding gas transits from
free-molecular to near continuum. This simultaneous change in aggregation and flow regime can have
a significant impact on aggregation kinetics, particle morphology, and the particle size distribution (see
Chapter 4). Fig. 5.3a presents the evolution of the aggregation (nearest-neighbor Knudsen number Knn ; ratio
between the persistence distance and nearest-neighbor distance) and fluid flow regimes (gas Knudsen number
Kng ; ratio between the gas mean free path and particle mobility radius). Due to the flame temperature, particle
size and volume fraction, a simultaneous transition in aggregation (from near-ballistic to diffusive) and flow
regime (from free molecular to near continuum) is observed. While cases u0 = 0.4 and u0 = 0.6 (low fv )
show a similar evolution, case u0 = 0.6 (high fv ) is much ballistic at the beginning and much diffusive at
the end of the simulation. In all cases, near-BLCA under free molecular flow regime is only observed at
the very beginning of the simulation when particles consist of isolated or a few aggregated monomers. For
larger residence times, the aggregation reaches the DLCA regime under near continuum flow regime. This
simultaneous evolution of aggregation/flow regimes has important consequences on the aggregation kinetics,
particle size distribution, and particle morphology to be further discussed in the following sections.

Figure 5.3: Simultaneous change in flow and aggregation regimes and surface growth efficiency.
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Surface Growth Efficiency

A new dimensionless parameter called surface growth efficiency (SGE) is introduced in order to quantify the
competition between aggregation and surface growth during the particle formation process,
SGE =

τa
τ sg

(5.4.6)

where τa = 2/(kN) and τ sg = d p /(6u) correspond to the time needed to duplicate the mass of particles by
aggregation and surface growth, respectively. k is the monodisperse collision kernel, N the particle number
concentration, and d p is the average primary particle diameter (See Section S5.3 of the SM A). In this context,
when SGE −→ 0 means that surface growth process is very slow compared to aggregation. On the other
hand, SGE −→ ∞ means that surface growth is much faster and therefore more effective than aggregation in
duplicating the mass of particles. Note that definitions with the same spirit have been introduced in previous
works [111, 352, 353].
Fig. 5.3b presents the SGE as a function of time for all the simulated cases. For case u0 = 0 the value
is constant and equal to zero since no surface growth is considered. Cases with u > 0 show a similar time
evolution by attaining a maximum value. This behavior is due to the fact that both τ sg and τa are increasing
in time in a competitive way. At the beginning of the simulation, SGE is proportional to the surface growth
rate, excepting for the case with high fv which promotes the aggregation efficiency. But surprisingly, when
comparing both low and large volume fractions at the same growth rate (u0 = 0.6), it appears that initially
larger fv will produce lower surface growth efficiency. However at a residence time ∼ 20 ms the opposite
behavior is observed. This indicates that surface growth is more efficient compared to aggregation when
acting on already formed clusters. Considering that both cases have the same τ sg , this behavior is explained
by the faster increase in τa as a function of time for the case u0 = 0.6 (high fv ). This phenomenon leads
SGE for the case u0 = 0.6 (high fv ) to cross the cases u0 = 0.4 and u0 = 0.6 (low fv ) at times around
10 − 15 ms.

5.4.3

Particle volume fraction and aggregation kinetics

Fig. 5.4a shows the evolution of the particle volume fraction as a function of time. For the case u0 = 0 it
remains constant in time since there is no mass transfer between particles and gas species. Cases with u > 0
show different levels of increase corresponding to different surface growth rates in time. Although cases
u0 = 0.6 under low and high fv seems very different, their percent increase in fv relative to the beginning of
the simulation is approximately the same (a factor of ∼ 10) meanwhile the case with u0 = 0.4 increase by a
factor of ∼ 7. This shows that the overall relative variation of the volume fraction is more sensitive to the
surface growth rate evolution compared to the initial volume fraction. Fig. 5.4b shows the time evolution of
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Figure 5.4: Time evolution of particle volume fraction and the inverse of the number concentration. Kinetic exponents
are reported for t → 30 ms.

the inverse of the particle number concentration. Its slope in log-log plot is the kinetic exponent (z) indicating
the collision and thus aggregation efficiency. In consequence, it is larger at short times for the case having
high volume fraction whereas other cases report similar trends up to approximately 15 ms. However, for
larger times (t → 30 ms, kinetic exponents are reported in the figure) a considerable impact on the aggregation
kinetics is observed. It is observed when comparing cases with u0 = 0.4 and u0 = 0.6 (low fv ) with the case
without surface growth (u0 = 0). Case u0 = 0.6 (high fv ) shows a different evolution from the very beginning,
where the aggregation is much more ballistic than other cases. Conversely, for large residence times, it has a
lower kinetic exponent than other cases because it becomes much diffusive at the end of the simulation (see
Fig. 5.3a). Indeed, surface growth makes the particles increase in mass and thus less mobile, which seems
more important in terms of collision frequency than the increase in particle collision radius. This would not
be the case in pure free molecular flow regime where collision radius predominates over mobility. This shows
the importance of considering the change in the flow regime (see Fig. 5.3a).

5.4.4

Primary particle coordination number

Fig. 5.5a shows in symbols the time evolution of the population average particle coordination number [72].
Even in the absence of surface growth this parameter is increasing in time due to aggregation and its evolution
can be accurately predicted by: nc,min = 2(N p − 1)/N p as introduced in section 5.2.3 (this is represented by a
continuous line for each case in this figure). We can note that nc,min increase is moderated compared to nc and
not very dependent on the simulated case, excepting case u0 = 0.6 (high fv ) showing nc,min to increase faster.
For large residence times nc,min asymptotically tends towards 2 for all cases. This value is explained by the
nature of cluster-cluster aggregation regardless of the primary particle polydispersity [52, 53, 72].
Note that case u0 = 0.6 (high fv ) is the most ballistic at the beginning of the simulation and thus, a
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faster increase in nc may be linked to larger fractal dimensions as observed by [336]. However, when plotting
nc as a function of N p (see Fig. S5.10 of the SM A), it is not larger than other cases at equivalent N p . This
suggests that aggregate compacity as revealed by fractal dimension is not the main cause of the observed
faster increase in nc as it will be confirmed in section 5.4.7. In turn, the more ballistic aggregation regime
makes the aggregation faster at the beginning of the simulation, explaining the faster increase in nc (and also
in nc,min ).
On the other hand, nc attains a maximum value between 1.9 to 8. Difference between nc and nc,min is
governed by the SGE (Fig. 5.3b), showing the importance of surface growth mechanism in the local compacity
of particles. Local nc (for individual monomers) can be as high as 16 as shown in Fig. 5.5(c1-c4). This can
be observed in detail in Fig. S5.10 of the SM A, reporting the distribution of nc at the end of the simulation.
Due to the observed large magnitudes of coordination numbers, we strongly recommend not neglecting the
multi-sphere intersections to calculate the volume and surface area of aggregates consisting of overlapped
monomers (when u > 0). Indeed, the difference nc − nc,min plays an important role for the particle’s volume
and surface area evaluation.

5.4.5

Primary particle overlapping coefficient

Fig. 5.5b presents the time evolution of the average overlapping coefficient (cov ) between primary particles [30, 31]. This is calculated for each pair of intersecting primary particles of radii ri and r j , having a
distance between centers di j as cov = (ri + r j − di j )/(ri + r j ). When particles are point-touching then di j = ri + r j
and cov = 0, on the other hand when particles are completely fused then di j = 0 and cov = 1. In this context,
when particles experience surface growth their radii is continuously increasing in time which leads to an
increasing overlap with neighbors. The local degree of overlapping depends consequently on the residence
time that particles have been in contact under surface growth meanwhile, the average value for an individual
aggregate depends also on the frequency of collisions with other particles (aggregation). Indeed, the latter
tends to decrease the average overlapping coefficient. Additionally, surface growth plays a twofold and less
evident role on cov to be explained as follows. Within an aggregate, the increase of monomers radii increases
the overlapping with touching neighbors but also induces new intersections with monomers belonging to
the same aggregate. These new internal-intersections consequently decrease cov . Finally, it is due to these
3 aforementioned factors that the average overlapping coefficient attains a quite robust value around 30%
for cases with u > 0 even though they have different levels of surface growth and aggregation/flow regimes.
However, as shown in Fig. 5.5(c5-c7) local values of cov (averaged over each individual primary particle)
may be as high as 60% (see the case with u0 = 0.4 under low fv ). This can be observed in detail in Fig. S5.11
of the SM A, reporting the distribution of cov at the end of the simulations.

Experimental measurements of cov from TEM image analysis can only access to a 2d projected value
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Figure 5.5: Time evolution of the average overlapping coefficient and coordination number. Continuous lines correspond
to the minimum coordination number nc,min for each case. Examples of aggregates highlighting (by the color bar) the
local coordination number (Figs. c1 - c4), and average overlapping coefficient per primary particle (Figs. c5 - c7).

cov,p . This is commonly measured on the periphery of the clusters where overlapping is visible and primary
particle are clearly identifiable. It has been found to be within cov,p = 0.11 − 0.29 for Diesel soot [323], within
cov,p = 0.13 − 0.30 for soot from diffusion flames [77]. Particularly for ethylene diffusion flames it has been
found to vary within the cov,p = 0.26 − 0.36 range for aged soot at different oxygen indices [6] and more
recently within the cov,p = 0.20 − 0.22 range for aged soot from an ethylene premixed flame [324]. Overall,
these values are in good agreement with our numerical simulations.

5.4.6

Primary particle and aggregate size distributions

Considering Eq. (5.2.2), for cases with u > 0 the primary particle size distribution experiences an uniform
shift towards larger values in time. The geometric mean primary particle diameter increases from the initial
value of d p = 8 nm up to 18 nm for the case u0 = 0.4, and up to 21.5 nm for cases u0 = 0.6 (see Fig. S5.12a
of the SM A). However, this results in a decrease of the corresponding geometric standard deviation (σ p,geo )
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as reported in Fig. 5.6a whereas the standard deviation is time-invariant for all cases. Since, the only way
to keep a geometric standard deviation constant is to shift the distribution in log scale, a shift in normal
scale necessarily causes a decrease of the geometric standard deviation. This decrease of σ p,geo has not been
found by [112]. We expect this discrepancy to be explained by the different ways to simulate the evolution
of primary particle radii in the present study (Eq. 5.2.2). While in Ref. [112] considered a monomer size
dependent surface growth rate, in the present work all the primary particles grow at the same rate (under
the hypothesis of a uniform flux density). This decrease in σ p,geo is governed by the surface growth rates
presented in Fig. 5.2. Obviously, in the case u = 0, it remains constant in time. The present study tends
to conclude that surface growth reduces the geometric standard deviation of the primary particle diameter.
Note that considering other mechanisms of soot formation, such as oxidation could lead to a different σ p,geo
evolution [354].

Figure 5.6: Time evolution of the geometric standard deviation (number-based) of primary particles and aggregate
volume equivalent diameter.

On the other hand, the geometric mean volume-equivalent aggregate diameter increases from the
initial value of 8 nm up to 26, 50, 57, and 90 nm for cases u0 = 0, u0 = 0.4, u0 = 0.6, and u0 = 0.6 (high
fv ), respectively (see Fig. S5.12b of the SM A). Fig. 5.6b shows the time evolution of the corresponding
aggregate geometric standard deviation σdv,geo . Aggregation mechanism increases σdv,geo during time, with a
maximum asymptotic value reached in the absence of surface growth (u = 0). This asymptotic value depends
on the aggregation/flow regime [322]. Conversely, surface growth tends to limit the increase in σdv,geo , being
consistent with previous works [23, 112, 355]. This is attributed to the fact that larger aggregates experience
a larger increase in mass due to surface growth however, they are also characterized by larger levels of
overlapping and larger nc which tends to decrease the population of larger particles and thus the geometric
standard deviation. This may be the reason why for case u0 = 0.6 (high fv ) the attained σdv,geo at t = 30 ms is
the smallest among all simulated cases. This case is indeed the most diffusive at the end of the simulation
(see Fig. 5.3a), consequently having a lower σdv,geo is expected. This because σdv,geo has been observed to
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be smaller for diffusive/transition than ballistic aggregation regimes (see Chapter 4). In addition, Table 5.1
Table 5.1: Aggregate geometric standard deviation (number-based) at the end of the simulation (t = 30 ms).

Case

σdm,geo

σdg,geo

σdv,geo

u0 = 0
u0 = 0.4
u0 = 0.6
u0 = 0.6 (high fv )

1.77
1.70
1.61
1.56

2.23
2.00
1.85
1.79

1.63
1.57
1.49
1.45

shows the values of σdm,geo (based on the mobility diameter), σdg,geo (based on the gyration diameter), and
σdv,geo calculated at t = 30 ms. For the case with u = 0, these values are in good agreement with [322]. Also,
these results are in good agreement with experimental measurements. Indeed, for aged soot particles sampled
in an ethylene premixed flame, [324] found σdg,geo between 1.82 and 1.87 based on different methods to
determine dg from TEM image analysis. Additionally, for aged soot particles from rich premixed ethylene
flames studied by [63] found σdm,geo ∼ 1.6 from SMPS measurements. Also the SMPS measurements of [59]
confirmed σdm,geo for aged soot particles to be between 1.50 to 1.64.

5.4.7

Particle morphology

Finally, in order to evaluate the impact of the surface growth/aggregation competition on the individual
particle’s morphology, we report (in symbols) in Fig. 5.7 the volume-based normalized pair correlation
function for a set of representative aggregates. It is numerically determined by calculating the exact volume
of intersection between the aggregate and an identical copy which is shifted randomly in a 3-dimensional
space [140]. A(0) corresponds to the aggregate volume. The morphological information is contained in
the radial dependence of A(r) and thus, we report here the normalized expression of that function. This
volume is calculated by using the SBL library [341]. A total of 300 orientations and 200 radial positions
(logarithmically spaced) are considered for all the aggregates studied as done in [53, 140].
As recently suggested by [53], A(r) consists of two components such that: A(r) = A pp + Aagg ,
where A pp is the contribution of primary particles to the aggregate morphology (self-intersection of primary
particles), and Aagg is the contribution of the aggregate structure by considering the intersection between
neighbor spheres. A pp dominates at small scales, namely r → R pv (where R pv is the monomer average volumeequivalent radius) whereas Aagg becomes predominant for larger scales. Fig. 5.7 shows an increase in the
region governed by A pp when increasing u, and a less evident hump at the transition between A pp and Aagg is
observed. Thus, in both figures surface growth makes it very difficult to dissociate their contribution to the total
pair correlation function, especially when u0 = 0.6. This also evidences that larger structures are needed to
observe a well-established fractal (self-similar) behavior in A(r). This is remarkably similar to increasing the
primary particle polydispersity where also larger monomers are in competition with the scale of the aggregate
in terms of volume and subsequently, A pp cannot be easily differentiated from Aagg [53, 140].
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We attempt to fit the so determined pair correlation function based on the following model which is a
modification of Eq. (5.4.7a) and Eq. (5.4.7b) originally proposed in Ref. [53],


A pp (r) = 1 +


2
r  
r 
 1 −
 ,
g
g
4R
2R
pv
pv

φD f,i r
Aagg (r) =
3
R pv

g
r ∈ [0, 2R
pv ]

!D f,i −3 h
i
β
β
e−(r/ξmax ) − e−(r/ξ) ,

r>0

(5.4.7a)

(5.4.7b)

In this context, the packing factor φ, the individual fractal dimension D f,i , the maximum and minimum
equivalent length scales ξmax and ξ, respectively, the stretching exponent β and the volume-equivalent primary
g
particle radius R
pv are the fitted parameters. Note that this model has not been rigorously adapted to overlapped spheres. This could alter the expression of A pp and Aagg at small scales. In the present study, we focus
on φ and D f,i which are found at large scales and thus expected to be physically meaningful. A direct fit of
all the aforementioned parameters is quite challenging and therefore a fit-by-parts procedure is proposed as
thoroughly explained in Section S5.2 of the SM A.

A total of 2 aggregates per condition (sampled at the end of the simulations t = 30 ms) are fitted.
They are selected according to N p (within the 100 − 105 range in Fig. 5.7a, and within the 430 − 450 range
in Fig. 5.7b). These aggregates are also selected for having representative anisotropy coefficients (A13 ),
where the most probable values are within the 1.7 − 4.0 range (see Fig. S5.13 of the SM A). When analyzing
the fitted parameters (reported in the figures), a significant increase in the packing factor φ is found when
increasing u0 . The packing factor expresses the local compacity at the scale of primary particles [51, 53].
Note that the obtained φ values for the cases with u0 = 0 are slightly different from those reported by [53]
where DLCA aggregates under the Epstein flow regime were simulated, while in the present study the change
in aggregation/flow regimes is taken into account. It appears that surface growth increases the local compacity.
This is explained by the increase in overlapping coefficient and coordination number as previously discussed.
The effect of volume fraction seems to be of second-order since the two cases with u0 = 0.6 at low and high
volume fractions exhibit similar A(r) curves.
The individual fractal dimensions determined during the fitting procedure are also reported in the
figures. For aggregates consisting of N p = 100 − 105, as shown in Fig. 5.7a, a fractal dimension can only be
confidently found for the case u = 0. On the other hand, as shown in Fig. 5.7b, because the aggregates are
larger, the individual fractal dimension can be robustly determined for each case. Except for the case u0 = 0.6
(high fv ), it seems that the fractal structure of aggregates, as described by D f,i , is not considerably affected by
surface growth. The fractal dimension for the case u0 = 0.6 (high fv ) is larger. This particular case has been
shown to experience a more ballistic aggregation at the beginning of the simulation, consequently explaining
the observed larger fractal dimension. In consequence, the morphology of the particles is affected by surface
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growth in the sense that the packing factor is increased (which may be related to the increase in the fractal
prefactor [53] but the fractal dimension seems not really sensitive to the surface growth itself. It is however
strongly dependent on the change of aggregation regime as previously reported in this manuscript.

Figure 5.7: The symbols correspond to the normalized pair correlation function of aggregates with representative
anisotropy and sampled at the end of the simulations (t = 30 ms). Aggregates made of N p ∈ [100, 105] and
N p ∈ [430, 450] are reported on Fig. a and b, respectively. Continuous lines present the total fitted A(r) = A pp + Aagg ,
while the two components A pp and Aagg are the contribution of primary particles (dash-dot lines) and aggregate (dashed
lines), respectively. Anisotropy coefficient A13 , and the fitted parameters (φ and D f,i ) are reported in the legends.

5.4.8

Projected area scaling-laws

Figure 5.8 shows the fits of the scaling-laws between the effective number of primary particles per aggregate
and the normalized average projected area already given by Eq. (2.1.13) is adapted to primary particles
overlapping as,
Np,eff = kα

Aa
Ap

!α
(5.4.8)

where Aa and A p are the orientationally averaged projected area of the aggregate and primary particle,
respectively. Also, α and kα are the power-law exponent and prefactor, respectively. First, for all the studied
cases a power-law is observed showing that aggregates retain a fractal geometry even when there is surface
growth. Secondly, both kα and α seem to be affected by surface growth. The case without surface growth
shows kα = 1.074 and α = 1.091 which is quite close to the values found for DLCA aggregates kα = 1.10 and
α = 1.08 obtained by [30]. As observed in Fig. 5.8, for the different cases studied the scaling exponent α
exhibit a maximum increase of 7% for the case u0 = 0.6 (high fv ) compared with the case without surface
growth, depending on the application, this variation may be considered negligible. However, the scaling
prefactor kα exhibit a remarkable increase with surface growth with a maximum increase of 23% for the
case u0 = 0.6 compared with the case without surface growth. This increase in kα may be linked to the
increase in local compactness as evidenced by the packing factor φ reported in the previous sections. This
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variation should be considered in experimental TEM image analysis to obtain soot particles morphological
properties [15]. This is also relevant for numerical studies where collision kernels in the free molecular flow
regime are determined based on aggregate’s projected surface area [177].

Figure 5.8: Projected area and effective number of primary particle scaling laws.

5.5

Soot aggregates total volume and surface area approximation

PBE simulations codes are highly used by engineers in particle technology, particularly in industrially relevant
flame synthesis of nanoparticles [356]. These codes are also used to simulate the production of atmospheric
pollutants. These simulations typically neglect the overlapping between primary particles to evaluate the
volume and surface area of aggregates. This induces a high uncertainty especially related to particles
dynamics and surface reactions modeling. This can considerably affect the ability of these simulations to
predict nanoparticles yield. It is worth mentioning that the corrections proposed for MC DEM simulations
as introduced in Section 5.2.3 cannot be easily applied for PBE simulations because the prediction of the
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Figure 5.9: Ratio between volume (αv ) and surface area (α s ) correction factors as a function of the equivalent number of
primary particles per aggregate. (N p,eq ). For particles sampled at the end of the simulations (t = 30 ms).

averaged primary particle overlapping, and coordination numbers is not trivial. Therefore, in this section we
attempt to propose 2 different methods to determine total soot volume and surface area that can eventually be
used for these applications.

5.5.1

Method 1: Volume/Surface area ratio correction

Since the work of Kruis et al. [357], different authors in the literature [42, 112, 358] have used an equivalent
primary particle diameter when overlapping between primary particles exist,
d p,eq =

6Va
Sa

(5.5.9)

This diameter depends on individual aggregate’s volume (Va ) and surface area (S a ),
Np

πX 3
Va = αv
d
6 i=1 p,i

S a = α s 4π

Np
X

d2p,i

(5.5.10a)

(5.5.10b)

i=1
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Table 5.2: Fitting parameters for Eq. 5.5.12.

Case

a

b

c

u0 = 0.4
u0 = 0.6
u0 = 0.6 (high fv )

1.4151
1.9933
1.2526

0.9768
1.3448
0.7590

-0.4487
-0.4821
-0.6503

Where αv and α s are the correction to volume and surface area, respectively as introduced in Section 5.2.3,
due to primary particle overlapping. Based on this equivalent diameter, a corresponding equivalent number of
primary particles is typically considered,
N p,eq =

Va
πd3p,eq /6

(5.5.11)

Based on this approach, the ratio αv /α s is an input parameter needed for CFD simulations of soot formation
in flames. Therefore, it is reported in Fig. 5.9 as a function of N p,eq for particles sampled at the end of the
simulations (t = 30 ms). As can be observed, it is always an increasing function of N p,eq up to a certain
critical N p,eq where a quasi-asymptotic curve is observed. This asymptotic value is found to be determined
by primary particle overlapping and coordination numbers. The latter explains why case u0 = 0.6 (high fv )
achieves a larger asymptotic value than other cases. In this context, the ratio αv /α s = f (N p,eq ) is modeled by
equation (5.5.12),
f (N p,eq ) =

a
+ c,
b + (a − b) exp(−a(N p,eq − 1))

(5.5.12)

where a, b, and c are fitting parameters reported in Table 5.2 for the different cases simulated here. Therefore,
Eq. (5.5.12) based on the parameters reported in Table 5.2 may be used as an input for CFD simulations
dealing with aerosol particles based on the PBE.

5.5.2

Method 2: Population average overlapping

Method 1 introducing a correction for the ratio volume to surface area is simple and may be enough for
some applications however, it is simulation-dependent. Therefore, in this final section, a new method to
approximate the time-evolving total soot volume and surface area is proposed. The objective is to provide a
method that could eventually be used in Population Balance simulations of soot formation. In this context,
the exact positions and sizes of primary particles are unavailable information consequently primary particle
overlapping is generally neglected in the literature. The total volume V and surface area S concentration are
approximated as,
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V = Nv ≈ Nαv N p D3p ,
6

(5.5.13a)

S = N s ≈ Nα s N p πD2p ,

(5.5.13b)
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Where the primary particle diameter D p , number of primary particles per aggregate N p , and aggregate
number concentration N are commonly known parameters. However, the determination of the average
volume (αv ) and surface area (α s ) correction coefficients are difficult to determine since as shown in previous
sections, they depend on primary particle overlapping and coordination numbers. Therefore, we propose to
approximate these parameters as follows,
1
αv ≈ 1 − nc cov 2 (3 − cov )ψ,
4

(5.5.14a)

1
α s ≈ 1 − nc cov ψ,
2

(5.5.14b)

where the mean coordination number can be approximated as nc = nc,min = 2(N p − 1)/N p , which means
that only a minimal number of contacts between monomers is considered. As noted, in equations (5.5.14)
multi-sphere intersections is not considered and therefore a correction factor is introduced ψ = ψ(N p ). By
analyzing a population of aggregates generated based on FracVAL [140] and having different levels of
overlapping, the following expression is obtained,
ψ(N p ) =

a
+ c,
b + (a − b) exp(−a(N p − 2))

Np ≥ 2

(5.5.15)

where a = 0.06421, b = 0.05658, and c = 0.006155 are constant fitted parameters. Note that a similar
approach has been proposed by Brasil et al. [30] for Eq. (5.5.14b) however, they ignored the dependence of
ψ = ψ(N p ). The final problem is how to approximate the mean overlapping coefficient. As shown in previous
sections, the latter is determined by the competition between aggregation and surface growth (SGE). Indeed,
for a given contact between primary particles arriving at time t0 the overlapping at a later time t cov (t) =
(D p (t) − D p (t0 ))/D p (t). Considering the time derivative of this expression dcov /dt = 2u sg D p (t0 )/(D p (t))2 .
This means that knowing the surface growth rate u sg the overlapping of this pair of primary particles can be
predicted as,
cov (t0 , t) = 2D p (t0 )

Z
t0

t

u sg
dt0 ,
(D p (t))2

(5.5.16)

Equation (5.5.16) means that the population average overlapping coefficient may be predicted based on the
total number of collisions in time B(t) as follows,
Rt
cov =

t0

cov (t0 , t)B(t) dt0
Rt
B(t) dt0
t

(5.5.17)

0

where the total number of collisions per unit of time is simply B(t) = dN/dt when there is no nucleation or
particle disappearance due to oxidation. In the case of population balance simulations, B(t) can be determined
from the coagulation source term of the PBE.
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Equations (5.5.13) to (5.5.17) have been implemented in post-processing in this thesis work to predict
the time evolution of V and S and results are presented in Fig. 5.10. The so referred “calculated values” were
determined based on the exact SBL library [341]. First, neglecting particle overlapping leads to a maximum
overestimation of total particle volume and surface area of 91 and 218%, respectively. Second, the proposed
method exhibits a maximum error of 0.6% for total volume and 5.75% for total surface area, respectively.
This approach seems promising to improve the accuracy of CFD-PBE simulations.

Figure 5.10: Total volume and surface area approximation based on Eqs.(5.5.13)-(5.5.17).

5.6

Oxidation and nucleation

In previous sections, the MCAC code was validated to study soot agglomeration. In this section, the adaption
of this code to both oxidation and nucleation and their validations are described,
• Oxidation: In terms of the variation of primary particle size, oxidation is just considered as the
reversible process of surface growth as described in previous sections. This means that surface growth
is considered as a surface phenomenon leading to primary particles radii decrease in time. At each
time iteration, all primary particles experiencing oxidation are inspected to check D p ≥ Dc , where
Dc is the critical coalescence diameter (further discussed later in Chapter 6). Below this critical
diameter, soot particles behave as molecular clusters and their dynamics are beyond the scope of this
thesis. Potentially, at some time, the primary particles may no longer be in contact and therefore
oxidation leads to the fragmentation of the corresponding aggregates. This is implemented based on
the theory of graphs to efficiently check all the connections between monomers belonging to a given
aggregate. When the distance between two primary particles is larger than the sum of their radii, the
corresponding aggregate is split at this point. This means that one aggregate can fragment into one or
more sub-aggregates.
• Nucleation in time: By considering a nucleation flux given in mass or particle number concentration such as Jnucl = dN/dt with units (1/m3 /s), the increase of the number of primary particles ∆n
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(dimensionless) in the domain during a time step ∆t is given by ∆n = Jnucl ∆tVbox , where Vbox is
the volume of the simulation domain. At every time iteration, the quantity n(t + ∆t) = n(t) + ∆n is
determined. Subsequently, a total of bnc ≥ 1 (where bnc is the floor function of n) primary particles, are
introduced in random locations in the simulation box (avoiding overlapping with existing particles),
and n(t) = n(t) − bnc is updated.
These modifications to MCAC need a validation in order to ensure the conservation of mass, the correct
primary particle deletion from the system, the correct fragmentation of aggregates, and the correct insertion
of new particles to the system (nucleation).

5.6.1

Validation of fragmentation and individual surface reactions

This section aims at validating MCAC regarding two main aspects namely (1) the fragmentation of aggregates
due to oxidation, and (2) the individual surface reactions scheme. Indeed, we can distinguish two alternatives
to simulate surface reactions as,
1. Population-based: In Step 6 of MCAC (see Chapter 3), all the particles in the system experience
surface reactions during a physical MC time step.
2. Individual-based surface reactions: In Step 6 of MCAC (see Chapter 3), only the displaced particle
experiences surface reactions during its individual time of displacement ∆t = 3τ (or less if a collision
with a neighbor is detected).
The latter alternative has the advantage of being more computationally efficient since less calculations are
done, however it is to be probed if this procedure induces an error on the simulation process. To test this
error and to test the correct fragmentation of particles due to oxidation, a validation case is simulated. In
this test case, surface growth takes place at a constant mass flux until a specific residence time (0.1 ms) then,
soot oxidation is simulated by considering exactly the same magnitude of surface growth flux but now with a
negative sign until the end of the simulation (time 0.21 ms). For these simulations, 1024 monomers of 10 nm
diameter (GSD=1.2) and mass bulk-density of 1.8 g/cm3 are initially randomly placed in a cubic box. These
particles are allowed to experience Brownian motion with periodic boundary conditions and they irreversibly
agglomerate when colliding with neighbors. The thermodynamics conditions are P = 101.3 kPa, T = 1700 K.
The initial volume fraction is 10 ppm. A constant surface growth flux of magnitude ϕ0 = 2 · 10−2 kg/m2 /s and
a constant oxidation flux (−ϕ0 ) are considered. At a residence time 0.1 ms the transition from surface growth
to oxidation takes place.
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Results

Figure 5.11 shows the evolution of different macroscopic physical properties, including the particle number
concentration, volume fraction, average monomers per aggregate, and average monomers overlapping as a
function of time. Fig. 5.11a shows a decrease in the particle number concentration up to a residence time
0.1 ms due to agglomeration. From this time on, the particle number concentration is increasing in time due
to particles’ fragmentation induced by oxidation. This fragmentation process stops at a residence time of
0.2 ms where it remains constant until the end of the simulation. At this point, all particles are in the form of
spherical monomers that continue oxidizing in time, however particle number concentration is unchanged
since particles are not completely consumed by oxidation. Particle volume fraction shown in Fig. 5.11b
exhibits an inverted quite linear variation determined by the surface reaction rates. Once all the particles
have became spherical at 0.2 ms they continue decreasing in time due to primary particles mass loss by
oxidation. The average number of primary particles per aggregate shown in Fig. 5.11c shows a symmetric
increase/decrease driven by agglomeration and fragmentation, and remains constant and equal to unity after
0.2 ms. A similar behavior is observed for the local compactness of aggregates as characterized by the PP
overlapping coefficient (Fig. 5.11d). These results suggest that population and individual based surface
reactions lead to consistent results. Also, the almost symmetric behavior of results suggests that MCAC is
correctly simulating soot particles surface growth and oxidation, and the corresponding consequences in
the kinetics of agglomeration, agglomerate size, and particles connectivity are correctly simulated. Other
important properties to be analyzed are the primary particle and aggregate size distributions. Fig.5.12a and
Fig.5.12b show the geometric mean and standard deviations of the aggregates volume equivalent radius,
respectively. While agglomeration leads to an increase in both Rv,geo and σrv,geo , fragmentation leads to
a decrease in both parameters (understood as the reversible process). Note that after 0.2 ms, all particles
have became spherical, consequently Rv,geo decreases at a different rate, and the σrv,geo starts to increase due
to primary particle oxidation. The differences in σrv,geo at around 0.1 ms are normal since the number of
particles in the box is reducing in time and also because it is larger at this time, making more difficult to
accurately retrieve this parameter. Fig.5.12c and Fig.5.12d show the geometric mean and standard deviation
of the primary particle radii, respectively. As expected, r p,geo is linearly evolving in time due to the constant
surface reaction rates. Please observe the small vertical shift in σ p,geo is expected since only in both cases a
total of 1024 random primary particles radii are sampled from a lognormal distribution which induced a small
uncertainty in this values. This uncertainty normally disappear when averaging over different simulations.
These simulations show an increase in primary particle polydispersity due to oxidation. In this test case,
based on individual surface reactions, CPU time is reduced by a factor of 10 compared to the population
ones. Individual surface reactions lead to a small effect on particle’s dynamics and therefore on aggregation
kinetics. This because at the scale of time of individual particle displacements (3τ = 3m/ f ) the current mass
and collision cross section of particles is not considerably affected by surface reactions. It may be critical
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(a) Particle number concentration

(b) Volume fraction

(c) Monomers per aggregate

(d) Overlapping

Figure 5.11: Comparison of physical properties between the individual and population based surface reactions.

when studying extremely high volume fractions, where the characteristic time of aggregation is too small
and eventually comparable to 3τ, or when the characteristic time of surface growth is very small. This is not
expected to be the case for soot particles formation in flames, which is very diluted and characteristic times
of surface growth are always comparable with the aggregation one, i.e., SGE≈ 1 (see earlier discussions in
this Chapter). Individual surface reactions lead to unavoidable differences with population one such as the
smoother variation in the particle number concentration observed at the end of simulations (see Fig. 5.11a).
Despite these sources of uncertainties, and small differences between both approaches, individual surface
reactions leads to overall consistent and accurate results compared to the population ones. The symmetric
behavior of results suggests that oxidation and subsequent aggregate fragmentation lead to consistent/coherent
results with surface growth, consequently validating this numerical implementation in MCAC.
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(a) Geometric mean Rv

(b) GSD Rv

(c) Geometric mean r p

(d) GSD r p

Figure 5.12: Comparison of aggregate and monomer size distribution, between the individual and population based
surface reactions.

5.6.2

Validation of nucleation

Following the same logic than the previous section, a validation test is proposed for primary particle
nucleation in time. For these simulations, 1024 monomers of diameter 10 nm (polydisperse: GSD=1.2 and
monodisperse: GSD=1) and mass bulk-density of 1.8 g/cm3 are randomly placed in a cubic box avoiding
overlapping. Particles are allowed to experience Brownian motion with periodic boundary conditions. When
two particles collide, agglomeration is forbidden and therefore the movement is repeated until the particles
move in a direction avoiding collisions with neighbors. In this way only spherical particles are simulated as
a function of time without considering agglomeration. The thermodynamic conditions are the same as in
previous validations (P=101.3 kPa, T=1700 K). The initial volume fraction is 1 ppm. A constant oxidation
rate is imposed ϕ0 = −1.11 · 10−4 kg/m2 /s. Particles disappear from the box when they achieve a lower bound
diameter of 2 nm (arbitrarily selected). In addition, a constant nucleation rate of Jnucl = 7.19 · 1021 (1/m3 /s) is
considered. For these simulations, an individual oxidation scheme is used (see previous section), this means
that individual particles being displaced experience oxidation.
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Results

Fig. 5.13a shows the time evolution of the particle number concentration N(t). In both monodisperse and
polydisperse cases this number is initially increasing in time due to nucleation. As observed in Fig. 5.13c
when the particle radius approaches rc = 1 nm, i.e. the size at which particles disappear from the system N(t)
drastically reduces in time and this reduction is faster for monodisperse particles because all the particles will
reach the radius rc at the same time while in the case of polydisperse monomers smaller particles will be
deleted in first place. After this time, an asymptotic plateau is achieved corresponding to the balance between
nucleation and disappearance of particles due to oxidation.
It is very interesting to note that the number concentration Neq in this asymptotic regime can be
predicted analytically. We have found the analytical solution for this problem for sufficiently long residence
times.
• First, we need to introduce the idea of “lifetime” of particles in the box i.e., how long particles will
survive until they are consumed by oxidation. This time depends on the initial mean particle’s radii (r0 )
and the minimum one (rc ) at which they disappear from the box. Consequently this characteristic time
can be defined as,
τlife =

rc − r0
uox

where uox < 0 is the constant oxidation rate in (m/s).
• Second, the amount of particles in equilibrium for large residence times will also depend on the
nucleation rate Jnucl in (1/m3 /s). Therefore at equilibrium of creation/deletion, the particle number
concentration in the box is,
Neq = τlife · Jnucl

Finally, for the current simulations considering r0 = 5 nm, rc = 1 nm we obtain Neq = 2.59 · 1017 (1/m3 ) being
in excellent agreement with simulations as observed in Fig. 5.13a. In addition, as shown in Fig. 5.13b, particle
volume fraction fv is initially decreasing in time due to the predominance of oxidation over nucleation in
terms of net mass transfer to the system. For longer residence times, an asymptotic constant limit is reached
corresponding to the equilibrium between mass addition by nucleation and mass loss by oxidation. Fig. 5.13d
shows the time evolving σv,geo . This is increasing very fast from the initial imposed value (1 for monodisperse
and 1.2 for polydisperse monomers) until a residence time of 0.05 ms where a plateau is reached, this increase
in polydispersity is explained by the predominance of nucleation over oxidation at the beginning of the
simulation. Also, additional tests showed that the asymptotic value depends on the magnitudes of nucleation
mass flux and oxidation rate.
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(a) Particle number concentration

(b) Volume fraction

(c) Geometric mean Rv

(d) GSD Rv

Figure 5.13: Comparison of physical properties and particle size distribution for 2 cases of different particle
polydispersity, namely σ p,geo = 1 (monodisperse) and σ p,geo = 1.2.

5.7

Conclusions

The simultaneous aggregation and surface growth of soot particles formed in an ethylene premixed flame is
numerically simulated. Surface growth plays an important role in both particle aggregation and flow regime.
Indeed, the added mass tends to reduce the particle mobility and subsequently slows down aggregation at
large residence times. Also, it is found to decrease both the aggregate and primary particle geometric standard
deviations.
In the present study, the competition between surface growth and aggregation mechanisms during
time is quantified by introducing a new dimensionless parameter called the Surface Growth Efficiency. This
parameter seems well correlated with the average primary particle coordination number (accounting for
the number of intersections for monomer with nearest-neighbors). This parameter, commonly overlooked
in the literature, is found to increase in time. For individual monomers, it can increase up to 16 while the
global average attains a non-asymptotic maximum value between 4 to 8. This evidences that multi-sphere
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intersections should not be neglected when studying the physical properties of these types of aggregates,
notably their volume and surface area.
According to the increase of the number of primary particle in contact, the local overlapping coefficient
can be as high as 60% (depending on the surface growth rates and particles residence time), even though the
global average values attain an asymptotic value around 30% irrespective of the Surface Growth Efficiency,
in good accordance with experimental observations.
The morphological effect of surface growth is also studied by calculating the pair correlation function
of individual aggregates representative of each case studied. The local compacity of aggregates, as quantified
by the packing factor, considerably increases with Surface Growth Efficiency. This is linked to the increase
in primary particles overlapping and coordination number. In addition, the analysis of large aggregates
(consisting of ∼ 440 monomers) reveals that individual fractal dimension is not strongly affected by surface
growth and thus may be more sensitive to the change in aggregation regime [322].
The effect of surface growth on the projected area of soot aggregates is explored and correlations powerlaws with the effective number of monomer per aggregate are proposed based on current simulations. The
parameters of these correlation are in good agreement with DLCA agglomerates studied in the literature [30]
and their dependence to surface growth rate under different flame conditions is explored. Both the scaling
exponent and prefactor are increasing with surface growth. Scaling prefactor is found more sensible to surface
growth than the fractal scaling exponent. Indeed, it may increase up to 23% while the scaling exponent
increases up to a maximum of 7% compared with the case without considering surface growth.
In order to accurately simulate the competition between aggregation and surface growth, it is necessary
to evaluate the volume and surface area of highly overlapped primary particles. This is particularly challenging
when the coordination number is larger than the introduced minimum bound as shown in this work. Exact
methods exist, such as ARVO [340] or SBL [341] but they are too much expensive in terms of CPU time for
being systematically integrated in a code aiming at simulating soot formation in flames, such as MCAC used
here. For this reason, a semi-analytical method is proposed taking into account the multi-spheres intersection.
The latter is commonly neglected in the literature [30, 45, 187]. The proposed determination of aggregate
volume and surface area is shown to be very dependent on the coordination number nc and more precisely
to its difference with the minimum bound nc,min . The proposed method can be potentially integrated in
population balance [148], Monte Carlo [345] simulations, and may also improve experimental measurements
of particle volume and surface area based on TEM image analysis [77, 323, 359, 360]. Indeed, in this work
we have proposed a simplified version of this method allowing to predict the evolution of total particle volume
and surface based on the population average overlapping coefficient. Despite the simplifications considered,
this method showed remarkable accuracy and may be implemented in codes based on the population balance
equation that currently ignore the primary particle overlapping.
Finally, a new scheme of surface reactions have been introduced, it is referred to as individual surface
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reactions since only the individual particles under displacement experience surface reactions during their
time of displacement. This method leads to a reduction in CPU time in a factor of 10! A validation test
showed consistent results when comparing both individual and population surface reactions. The validation
test also showed the ability of MCAC to simulate the fragmentation of aggregates as induced by oxidation.
An additional validation test has shown the correct inclusion of nucleation and deletion of particles by
oxidation. This rigorous validation procedure validates MCAC to simulate the aggregation of soot particles
under the action of time-evolving nucleation, surface growth, and oxidation. Also, the simulation strategy of
surface reactions carried out in this work has never been discussed in the literature and corresponds to a new
approach.
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6 | Soot maturity4
Mature soot aggregates exhibit a morphology which is up to now mimicked by DLCA codes, i.e. with a
sticking probability = 1 when two aggregates collide. Nevertheless, nascent soot particles (a few nanometers
in size and having low C/H ratio) may grow in the RLCA regime, i.e. with a sticking probability << 1. Yet,
it remains to be seen how fast the transition from RLCA to DLCA is for soot particles. Also, what is the
impact on aggregation kinetics, particle size distribution and morphology. This chapter intends to fill this gap
by exploring the aggregation of soot particles formed in a laminar premixed flame. Results show that the
transition from RLCA to DLCA is very fast and produces a moderate impact on soot formation dynamics
and morphology. However, soot particles mass bulk density is found to play an important role and should be
considered in future simulations of soot formation in flames.

6.1

Introduction

This chapter focuses on the role played by soot maturity (here the change in chemical composition and particles
bulk density) on the aggregation kinetics and morphology. The formation of these complex aggregates can
be modeled by classical DLCA or RLCA codes when detailed information on aggregate’s morphology is
intended [361]. In this type of simulations, the motion of each individual particle is explicitly solved and
agglomeration can occur when two particles collide. More precisely, DLCA and RLCA simulations assume
that particles undergo purely diffusive motion (i.e. convective transport by an underlying flow is neglected).
This means that these methods are restricted to small particles, typically within the colloidal range (i.e. lower
than a few micrometers, for which gravity forces are negligible compared to Brownian motion). DLCA and
RLCA simulations are able to produce morphologies similar to soot aggregates.
The main difference between DLCA and RLCA simulations lies in the treatment of collisions between
two particles: DLCA assumes that agglomeration is driven by particle diffusion while agglomeration is driven
by the physico-chemical interactions between particles in RLCA codes. To put it differently, in DLCA codes,
every collision between a pair of particles leads to their adhesion and, hence, to the formation of aggregates
4 Part of this Chapter has been published in: Morán, J., Henry, C., Poux, A., & Yon, J. (2021). Impact of the maturation process on
soot particle aggregation kinetics and morphology. Carbon, 182, 837-846.
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(i.e. the sticking probability is 1). In RLCA codes, the sticking probability is close to 0, meaning that only
a few collisions are successful to form an aggregate. In reality, nascent soot particles may have a very low
sticking probability, i.e. they may rebound after collisions due to their higher mobility and lower potential
well depths compared to mature soot [246]. On the contrary, mature soot have a higher tendency to form
aggregates due to a sticking probability ≈ 1. Therefore, a second critical diameter d s has to be considered as
the transition between both regimes, as illustrated in Fig. 2.7. Little attention has been paid to this second
critical diameter. Therefore, in the present work, we focus on identifying d s . The question we intent to answer
in the current investigation is the d s to simulate the transition from RLCA to DLCA and what would be the
consequences on soot aggregation kinetics, morphology and size distribution?

This transition is expected to be related to the evolution of particle mobility and their composition. In
fact, nascent particles are small (a few nanometers diameter) and have a mass bulk density ∼ 1.2 g/cm3 at
typical flame temperatures [362] whereas, mature soot primary particles have a larger diameter, are solid, with
a graphitic structure and a bulk mass density of ∼ 1.8 g/cm3 [296, 362]. Similarly, the chemical composition,
parametrized by the C/H ratio, increases with maturity due to soot dehydrogenation [215, 344]. Indeed, soot
maturity evolution has many physico-chemical consequences as further discussed in Refs. [101, 242]. These
progressive modifications of the physico-chemical properties of soot particles may consequently induce a
change of particle mobility but also affect their sticking probability [246, 363].

Another factor, commonly overlooked in the literature, is the role played by the particle electric
charges. Different works have found soot particles to acquire a natural electric charge in flames due to
chemi-ionization reactions and ion attachment to PAH clusters or primary particles [258–260, 364, 365]. The
interaction between charged colloidal particles leads to the presence of repulsive electrostatic forces that can
hamper agglomeration. Indeed, when the kinetic energy of the approaching particles is not strong enough
to overcome the repulsive electrostatic forces, particles repel each other and prevent agglomeration [254].
Therefore, accurate predictions of the outcome of soot particle interactions require simulations that include
both the sticking and the collision probabilities. To the authors’ knowledge, such modifications of electrical
properties have never been taken into account to study the morphological properties and kinetics of soot
aggregation. The present work intends to fill this gap by considering the bulk density, sticking probability
and electrostatic forces evolving in time. As shown in Fig. 2.7, it is important to note that the dynamics of
PAH molecular cluster formation is out of the scope of the present work. Here, we investigate the kinetics of
non-coalescing soot primary particle aggregation and surface growth in a laminar premixed flame together
with detailed calculations of inter-particle interactions.
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Methodology

To answer the main question raised by the current investigation, a physical evaluation of the collision and
sticking probabilities of soot aggregates (described in Section 6.2.1) is carried out and then implemented
in a Monte Carlo discrete element code as explained in section 6.2.3. The principle of the collision and
sticking probabilities determination relies on fine-scale evaluations of the interaction energy between two
soot aggregates (more details are provided in Section 6.2.2).

6.2.1

Interaction energy between particles

6.2.1.1

Interaction between primary spheres

Drawing on the previous study by Hou et al. [246], the interaction energy E between two spherical soot
particles separated by a distance h is obtained by integrating the Lennard-Jones interactions between atoms
over the volume of each body. This integration results in the sum of an attractive force and a repulsive force
(more details can be found in Section S6.1 of the SM A).
EL-J = Eatt (h) + Erep (h)

(6.2.1)

The attractive term due to the van der Waals contribution can be written as
Eatt (h) = −


Aham 
fa R p,1 , R p,2 , h
6

(6.2.2)

where h is the separation distance between the two spheres, Aham the Hamaker constant and fa a function
containing geometrical factors. The repulsive term is due to the overlap of electron orbitals occurring at very
short separation distances. It is given by [246],
Erep (h) =

1
σab
Aham
37800
2 R p,1

!6 

Urep,1 + Urep,2 + Urep,3 + Urep,4



(6.2.3)

with σab the distance of zero potential between atoms. Each of the four components Urep,i are detailed in
Section S6.1 of the SM A.
In addition to these short-ranged inter-molecular forces, we also account for electrostatic interaction
between charged soot particles. The formula for the potential energy of two charged spherical particles (each
one having a given number of elementary charge z p ) is given by,
Eelectro (h) =
CORIA laboratory

κ0 z p,1 z p,2 e2
h

(6.2.4)
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where κ0 = 8.9875517923 × 109 is the Coulomb constant (in kg m3 s−2 C −2 ) and e is the elementary charge.
As a result, the total interaction energy Etot between two primary soot particles is given by,
Etotal (h) = Eatt (h) + Erep (h) + Eelectro (h)

6.2.1.2

(6.2.5)

Parametrization

To solve Eq. (6.2.5), further information is required on particle properties. The Hamaker constant Aham
is estimated using the number density of carbon atoms and hydrogen atoms within each soot particle as
well as the particle mass bulk density (similarly to the procedure in [246]). This means that, by changing
the chemical composition of one particle and/or its density to account for maturity effects, the Hamaker
constant is automatically updated to fit this new composition. Further details on the parametrization used
here are provided in Section S6.1 of the SM A. Soot particles charging may be determined by different
mechanisms including the attachment of ions and electrons to soot molecular clusters, primary particles, and
soot aggregates. Positive and negative ions are naturally produced in the flame as it has been experimentally
observed [364, 366, 367]. These ions and electrons are believed to be produced mainly by chemi-ionization
reactions [260]. However, thermo-emission may be an important mechanism to be considered. Indeed,
Balthasar and Mauss [368] suggested that this mechanism might explain the appearance of charged molecular
clusters. More recently, Starik et al. [260] found no relevant role played by thermoemission. The relation
between soot charging and maturity seems a priori not strong since flames with different fuels and different
flame conditions show similar charge distributions [258, 259, 369, 370]. The detailed modeling of soot
charging dynamics is beyond the scope of the present work (interested readers can refer to [260, 368, 371]).
In this chapter, the electric charge of soot particles is estimated using available measurements on the charge
distribution of soot particles in premixed flames [259]. Aggregates electric charges are obtained by randomly
sampling a number of elementary charges (z p ) from the Boltzmann distribution [259],
KE e2
f (z p ) =
πdm kB T

!1/2



 −KE z2p e2 

exp 
dm kB T 

(6.2.6)

where KE = 9.0 · 109 Nm2 /C2 , kB is the Boltzmann constant, e is the elementary charge, and dm is the mobility
diameter of the aggregate obtained from the friction coefficient of the aggregate (see Chapter 3).

6.2.1.3

Interaction between aggregates

We further extend the previous work of Hou et al. [246] to compute the interaction energy between aggregates
composed of a number of primary soot particles. As displayed in Figure 6.1, the difficulty that arises when
computing the interaction between two aggregates is that it should take into account the aggregate morphology
and its orientation with respect to the other aggregate/particle. In fact, depending on the aggregate morphology
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and orientation, one or several primary particles within a first aggregate can be in close proximity to other
particles in the second aggregate. Recent evaluations of van der Waals interactions between fractal DLCA
aggregates have shown that the van der Waals interaction between aggregates is actually governed by the
interaction between the closest pair(s) of primary particles [372]. This result is mainly due to the short-range
nature of van der Waals forces, which usually act within the nanoscopic scale. As a result, we have simplified
the present calculations of aggregate-aggregate interactions by accounting only for the interaction between
the closest pair of primary particles.
Concerning electrostatic forces between aggregates, a similar issue arises since the exact repartition of
charges within an aggregate is unknown. Several simplifications can be considered, including: (a) placing all
charges on the closest pair of primary particles, (b) considering aggregates as full spheres with an equivalent
radius where charges are homogeneously distributed and (c) placing all charges on the furthest pair of
primary particles within aggregates. Since one of the objectives of this study is to assess the impact of
electrostatic interaction on soot aggregation, we report here only the results obtained with case (a), which
tends to overestimate the electrostatic contribution and thus corresponds to the worst case scenario.

6.2.2

Collision efficiency

As mentioned in the introduction, simulations of particle agglomeration require to couple a model for the
aggregate transport (collision step) and a model for aggregate interactions (adhesion step). However, these
two phenomena occur at various spatial and temporal scales: soot particles can indeed be transported near
the flame over several centimeters while inter-aggregate forces are composed of short-ranged Lennard-Jones
forces (within the nanoscopic scale) and long-range electrostatic forces. Since precise calculations of the
combined motion of interacting aggregates at the nanoscopic scale are out of scope of the present chapter (it
will require much smaller time steps for the transport model), the coupling of the two phenomena is obtained
using energetic considerations that are similar to boundary conditions used in standard CFD simulations (see
also [373]). This means here that only reduced information on the interaction energy is extracted from the
whole energy-versus-distance curve (see also Fig. 6.1): the potential well Ewell ≤ 0 (i.e. the minimum of
the interaction energy) and the energy barrier Ebarr ≥ 0 (i.e. the maximum of the interaction energy). As
displayed in Fig. 6.1, three possible outcomes of an interaction are considered depending on the following
energetic criteria:
1. no collision occurs when the repulsive energy barrier Ebarr overpowers the relative kinetic energy along
the direction of collision Ekin , i.e. Ekin < Ebarr ;
2. a collision occurs when the relative kinetic energy along the direction of collision Ekin is high enough to
overcome the repulsive energy barrier Ebarr , i.e. Ekin > Ebarr . Once a collision occurs, two subsequent
results are possible:
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No collision

E(h)

Sticking

Rebound

E(h)

Ebarr
Ekin

Ebarr
h

Ewell

E(h)
Ekin

Ebarr
h

Ewell
Ebarr < Ekin
Ebarr + |E|well > Ekin

Ebarr > Ekin

Ekin

Ewell

h

Ebarr < Ekin
Ebarr + |E|well < Ekin

Figure 6.1: Sketch showing the three possible outcomes of a collision between two aggregates and the corresponding
criteria (based on the potential well Ewell , the energy barrier Ebarr and the relative kinetic energy Ekin ).

2.a. The two particles/aggregates stick to each other when the particle cannot escape the potential
well, i.e. Ekin < |E|well + Ebarr ;
2.b. The two particles/aggregates rebound when their kinetic energy (again taken equal to the incoming
one) prevails over the potential well, i.e. Ekin > |E|well + Ebarr ;
Drawing on this scenario for the outcome of an interaction between soot particles/aggregates, a collision
probability and a sticking probability are evaluated. The formula for these probabilities are obtained by
analogy with a Brownian diffusion of particles in a force field (more details are provided in Section S6.2 of
the SM A):
Pcoll
P stick

! q


g
Eg
Eg
barr +
barr × exp − E barr
! q
q


]
]
]
E
E
= erf
stick −
stick × exp − E stick

= 1 − erf

q

(6.2.7)
(6.2.8)

]
with the dimensionless potential energies Eg
barr = E barr /(k B T ) and E stick = (|E|well + E barr )/(k B T ) (k B being
the Boltzmann constant and T the flame temperature).

6.2.3

Integration in MCAC

MCAC code, thoroughly explained in Chapter 3, considering the transition in both flow and aggregation
regimes is adapted. In the context of the current chapter, MCAC has been adapted to non-unitary collision and
sticking probabilities. In this context, a collision-check step is done each time two aggregates come to close
contact. The outcome of this check depends on a uniformly distributed random number δ1 ∈ [0, 1] such that,
particles collide when δ1 ≤ Pcoll , or repel each other when δ1 > Pcoll . If collision is found, a second random
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number is generated δ2 ∈ [0, 1] such that, particles stick together after collision when δ2 ≤ P stick , or rebound
when δ2 > P stick . This procedure is inspired by the classical RLCA codes found in the literature [374, 375].
As explained in previous sections, Pcoll and P stick depend on both the electrostatic barrier, and Lennard-Jones
potential well depth, respectively. These properties depend on the flame temperature, aggregate’s mobility
diameter, primary particle size and soot maturity. To simulate a time-evolving soot maturity, the properties of
individual aggregates are introduced as new parameters in MCAC (including the C/H ratio, the density ρ p ,
and electric charge). The C/H ratio is correlated to the average primary particle size (within an aggregate)
and used to determine ρ p (see section Section S6.3 of the SM A). The potential well depth is determined
based on the chemical composition and diameter of the colliding primary particles. The electrostatic barrier
is determined based on the electric charge of the interacting aggregates. Indeed, the mobility diameters
of the approaching aggregates is obtained based on the friction coefficient of aggregates [45, 376]. Thus,
equation (6.2.6) is used to sample a given charge for each aggregate that respects the Boltzmann distribution.
This new version of MCAC allows to investigate the kinetics of aggregation, the particle size distribution, and
aggregates morphology.

Kinetics of aggregation is studied by quantifying the time evolution of the aggregate number concentration N(t) in (1/m3 ) and the monodisperse equivalent coagulation kernel kii in m3 /s. The latter is determined
from the local slopes of 1/N(t) as a function of t, as done in Section 4.3.2.

Particle size distribution is studied in terms of the volume-equivalent radius. The morphology of
particles is studied in terms of the population-based fractal dimension, and fractal prefactor obtained by a
log-log fit of the fractal-law expressed as,
Vagg
Vp

= kf

Rg
R pv

!D f
(6.2.9)

where, Vagg is the aggregate volume corrected by overlapping monomers and obtained based on the SBL
PN
library [341], V p = 1/N p i=1p (π/6)d3p,i = (4π/3)R3pv is the average primary particle volume, and Rg is the
aggregate’s radius of gyration obtained by discretizing the aggregate [45] (see Section S6.4 of the SM A).
In addition, the pair correlation function for representative aggregates is calculated and fitted to search the
packing factor φ which is an indicator of the local compacity in the cluster. The details on its determination
are given elsewhere [140, 377] and the fitting procedure is the same than in Ref. [376]. Further details can
also be found in Section S6.5 of the SM A.
CORIA laboratory

93

CHAPTER 6. SOOT MATURITY

6.3
6.3.1

6.3. RESULTS

Results
Case studied and parametrization

A premixed ethylene flame (C/O = 0.82) is selected as a test case. This flame has been already simulated
by considering the simultaneous aggregation and surface growth in Chapter 5 but change of maturity was
not considered and thus, the collision and sicking probabilities were fixed to 1. In order to start the current
simulation with smaller primary particle size than in the aforementioned chapter, surface growth rates (u in
nm/ms) from Chapter 5 have been linearly extrapolated to shorter residence times. Current simulations start
at t = 3.5 ms, with 1024 spherical primary particles [378] corresponding to a lognormal size distribution
with a geometric diameter of d p = 2.4 nm and geometric standard deviation of 1.2. The domain size is set
to respect the initial volume fraction to fv = 0.002 ppm. Constant temperature T = 1700 K and 1 atm of
pressure are considered. The simulation ends at t = 30 ms.
In this chapter, based on a literature survey, nascent soot are considered to have C/H = 1.1 and a
corresponding bulk density of ρ p = 1.2 g/cm3 . In contrast, mature soot are characterized by C/H = 10 and
ρ p = 1.8 g/cm3 . Mass bulk density of nascent and mature soot particles are obtained from [296], being in
good agreement with [362].
Table 6.1: Selected cases for numerical simulations.
Case
Mature
(no potentials)
Nascent
(no potentials)
Mature
(only LJ)
Nascent
(only LJ)
Variable maturity
(LJ + electrostatic)

Description
Pcoll = 1 and P stick = 1,
ρ p = 1.8 g/cm3
Pcoll = 1 and P stick = 1,
ρ p = 1.2 g/cm3
Pcoll = 1, and P stick is evaluated,
ρ p = 1.8 g/cm3 ,
C/H = 10.0
Pcoll = 1, and P stick is evaluated,
ρ p = 1.2 g/cm3
C/H = 1.1
Pcoll and P stick are evaluated,
ρ p and C/H evolve in time
electrostatic forces considered

Different cases are considered in order to evaluate the role played by maturity and electrostatic forces
(see Table 6.1). The first one called “mature (no potentials)” consists in keeping the properties of mature soot
during all the simulation and considering systematic collision and sticking when two aggregates approach
each other (i.e. whatever the size of the colliding primary spheres). This corresponds to the usual DLCA
approach. The second one called “nascent (no potentials)” is identical to the previous one but now considering
the physical properties of nascent soot. The comparison with the previous case is then used to study the role
played by the bulk density.
94

Institut National des Sciences Appliquées de Rouen

6.3. RESULTS

CHAPTER 6. SOOT MATURITY

Cases 3 and 4 called respectively “mature (only LJ)” and nascent “(only LJ)” will also conserve the
physical properties of respectively mature and nascent soot, but for these cases the sticking probabilities are
evaluated based on the colliding primary particle radii according to the their composition.
Case 5 “variable maturity (LJ+electrostatic)” considers a transition of soot maturity induced by a
variation of C/H and consequently in ρ p according to the primary sphere radius based on Refs. [215, 379]
(see the Section S6.3 of the SM A for further details). This case also considers the electrostatic forces as
described in Section 6.2.1.
For each case studied, a total of 10 simulations are conducted and results presented later are averaged
over these ten simulations as done in previous chapters.

6.3.2

Collision and sticking probabilities of soot particles

6.3.2.1

Effect of maturity

We first assess the role of soot maturity (expressed though particle size, mass bulk density and composition)
on the collision and sticking probabilities. To this end, we evaluate the behavior for mature soot, nascent
soot and soot with variable maturity but zero electric charges. In that case, since no repulsive forces act on
a range longer than van der Waals forces, no energy barrier occurs (not shown here). Hence, the collision
probability is always equal to unity. However, the balance between van der Waals forces and Born repulsion
leads to an existing potential well whose value depends on the particle size, bulk density and chemical
composition.
Figure 6.2 displays the evolution of the potential well and sticking probability as a function of the
reduced particle radius Rred = R p,1 R p,2 /(R p,1 + R p,2 ), where R p,i expresses the radius of the i’th colliding
primary particle. Several conclusions can be drawn from this figure:
• when the particle properties are fixed (“mature” or “nascent” cases), the depth of the potential well
increases with increasing reduced particle diameter. This is consistent with previous studies of neutrally
charged particles (e.g. [246]). As a result, the sticking probability quickly increases from 0.1 at
Rred = 0.5 nm to values close to 1 around Rred = 3 nm. Based on the definition of the reduced particle
radius, we can evaluate the critical primary diameter at which the sticking probability is roughly equal
to 1, which happens to be around d s ∼ 8 nm for nascent particles (resp. d s ∼ 12 nm for mature soot).
This means that, except for very small particles, a collision does induce agglomeration of the two
particles involved. This result is comparable to the one obtained by Hou et al. [246], who obtained
d s ∼ 14 nm for soot particles at T = 1500 K. The slight difference is due to the different formula used
to evaluate the sticking probability (see Section S6.2.3 of the SM A) as well as to differences in the
density and C/H ratio considered for nascent or mature soot.
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• the depth of the potential well for mature particles (and consequently the sticking probability) is higher
than the one for nascent particles. This is related to the fact that mature particles have a higher Hamaker
constant due to their higher density and C/H ratio, leading to stronger short-ranged attractive forces.
• the results obtained with the variable maturity case are bounded by the two limit cases of “nascent”
and “mature” particles. When one of the particle diameter is fixed, the depth of the potential well (and
consequently the sticking probability) increases with the reduced particle diameter. Moreover, it clearly
appears that the results obtained for the variable maturity case are very close to the “nascent” case
when the reduced size is below 0.7 nm while they become very close to the “mature” case when the
reduced size is above 4 nm (in which case, the sticking probability reaches a plateau value P stick ' 1).

Figure 6.2: Evolution of the potential well (left) in absolute value, and sticking probability (right) as a function of the
reduced particle radius Rred = R p,1 R p,2 /(R p,1 + R p,2 ). Results obtained for spherical soot particles with zero electric
charge and a size ranging between 1 and 25 nm. The particle density and C/H ratio are obtained either in the case of
nascent soot, mature soot or variable maturity.

6.3.2.2

Effect of electrostatic forces

The role of electric charges on the interaction between soot particles has been assessed by changing the
value of each particle charge between −6e and +6e while keeping all other properties fixed. Experimental
determination of soot charge distribution in ethylene premixed flames [369] have reported to be narrow and
symmetric within the −2e to +2e range for soot particles with mobility diameter dm ≈ 13 nm. As time
evolves, this distribution considerably broadens but remains symmetric within the −4e to +4e for dm ≈ 62 nm.
Indeed, Eq. (6.2.6) shows that the distribution of charges (z p ) is Gaussian distribution whose variance is
σ2 = (dm kB T )/(2KE e2 ), thus increasing with mobility diameter of the aggregate (see Section S6.4 of the
SM A). Based on these measurements, we have opted to consider a range of charges between −6e to +6e to
ensure that all possible situations are covered.
In the following, we consider the case of “variable maturity” particles with a fixed particle radius
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of 5 nm. Figure. 6.3 displays 2D contours of the energy and probability values (Ebarr , Ewell , Pcoll , P stick ) as
a function of the elementary charge present in each particle. It can be seen that a range of values can be
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Figure 6.3: 2D plot showing the evolution of (Eg
barr , E well , Pcoll , P stick ) as a function of the electric charge of each particle.
Results obtained for spherical soot particles with R p,1 = R p,2 = 5 nm and variable maturity (density and C/H ratio).

obtained depending on the elementary charge present in each particle. In particular, the collision and sticking
probabilities are close to 1 only when particles have high but opposite charges. On the contrary, when both
particles have a high and similar charges, the collision and sticking probabilities quickly drop to values close
to 0.
Due to the symmetry in the effect of particle charges (see also Eq. (6.2.4)), we further analyze
the effect of electrostatic charges by plotting the same results as a function of the product of the particle
elementary charges z12 = z p,1 z p,2 . This is displayed in Figure 6.4. This allows to confirm and quantify
the two aspects mentioned before. First, for similarly charged particles, the potential well is close to zero
(except for z12 << 1) while the energy barrier increases linearly with z12 . As a result, the collision probability
(and hence the sticking probability) quickly drops to very small values when the particle charge increases.
Second, for oppositely charged particles, no energy barrier occurs (except for z12 << 1) while the depth
of the potential well is increased due to the attractive electrostatic force. In that case, both collision and
sticking probabilities have values close to 1. Although these results indicate a clear effect of soot maturity and
electrostatic forces on the collision probability and sticking probability, it remains to be seen how this affects
the actual agglomeration of soot particles. This is done in the next sections where these collision & sticking
probabilities are coupled to the MCAC code to simulate the formation and growth of soot aggregates.
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Figure 6.4: Evolution of (Eg
well , E barr , Pcoll , P stick ) as a function of the product of the particle electric charges. Results
obtained for spherical soot particles with a size of 5 nm. The particle density and C/H ratio are obtained with variable
maturity.

6.3.3

Agglomeration of soot particles

Figure 6.5a presents the time evolution of the inverse particle number concentration 1/N(t). The local slope
of this curve in log-log correspond to the kinetic exponent z, which indicates how fast aggregation is. The
1/N(t) is naturally increasing in time due to irreversible aggregation in the absence of continuous nucleation
and fragmentation. All cases show a similar evolution except in the cases of nascent soot particles. Indeed,
nascent soot particles have a lower mass bulk density, consequently they move faster and more ballistically.
This leads to an enhanced kinetics of aggregation that becomes more evident over time. When comparing the
two cases involving nascent soot (no potentials and only LJ), a clearer difference is observed at early residence
times. Agglomeration is initially faster for the case without potential which is explained by the larger sticking
probability (unity). However, the role played by bulk density seems relatively more important than taking into
account of a time evolving sticking probability. This conclusion is reinforced by the comparison with the three
remaining cases (mature with and without potentials and variable maturity). This means that considering the
change of collision and sticking probability induced by the maturation process have a reduced impact on the
aggregation kinetics. This is explained by the fact that d s is very small, and also by the large surface growth
efficiency (SGE) as shown in Section S6.6 of the SM A. This parameter has been introduced in Chapter 5
and quantifies the predominance of surface growth over aggregation to explain soot mass growth. We recall
that SGE → ∞ means that surface growth dominates soot mass growth over aggregation, while SGE → 0
means the opposite. In this chapter, non-unitary sticking or collision probabilities lead to larger values of
SGEs, which is especially evident for early residence times. However at these residence times, the SGE is
still high even without considering LJ or electrostatic potentials. The latter is explained by the low nascent
soot volume fractions making difficult to observe a big impact on the soot formation process.
However, when analyzing the kinetic exponents z obtained by a power-law fitting 1/N(t) ∝ tz for
t ∈ [23, 35] ms, other conclusions can be drawn. First, all the values correspond to aggregation in the
transition regime since z is smaller than purely ballistic value (z ≈ 2.2) and larger than purely diffusive (z ≈ 1)
regimes (see Chapter 4). Second, comparison between different simulations suggest that inclusion of the
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van der Waals sticking and electrostatic collision probabilities tends to accelerate agglomeration for large
residence times (larger z). Third, comparing both cases involving purely LJ sticking probability reveals
that nascent soot tends to agglomerate faster, with a kinetic exponent closer to the one for a purely ballistic
regime. Nascent soot without potentials shows the lowest kinetic exponent explained by it faster aggregation
at earlier residence times approaching faster to transition regime where kinetic exponent could be as small as
z ≈ 0.8.

Figure 6.5: Time evolution of the inverse particle number concentration 1/N(t), monodisperse equivalent coagulation
kernels, geometric mean volume-equivalent radius, and the corresponding geometric standard deviation.

Fig. 6.5b reports the monodisperse equivalent coagulation kernel. This also expresses the agglomeration kinetics but is of great interest for soot modeling in CFD codes since kernels are essential to simulate
aggregation by population balance methods. This representation is also complementary since it provides a
larger sensitivity to the agglomeration processes at early residence times. Indeed, this highlights the rapid
transition from low to high kernels at early residence times t < 8 ms (corresponding to d p,geo < 5 nm) of
the nascent soot composition depending on considering the collision and sticking probabilities or not. For
larger residence times, the differences are mainly explained by the particles mass bulk density. Nascent soot
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particles coagulate faster due to their more ballistic motion, their larger collision surface and larger particle
size polydispersity (see Fig. 6.5d).
The evolution of the geometric mean Rv,geo (Fig. 6.5c) and geometric standard deviation σRv,geo
(Fig. 6.5d) of the volume-equivalent radius of aggregates are also evaluated. The Rv,geo parameter increases
monotonically in time due to aggregation. Nascent soot leads to larger aggregate sizes due to the more efficient
aggregation process driven by lower bulk density as discussed above. In turn, the impact of maturation
process, sticking probability or electrostatic repulsion is clearly negligible (no significant differences are
observed when comparing all the cases related to mature soot). The σRv,geo reported in (Fig. 6.5d) expresses
a more complex trend, in particular at early residence times. At these early residence times the decrease
in polydispersity is linked to the dominance of surface growth in the competition with agglomeration (see
section Section S6.6 of the SM A), to produce larger soot aggregates [376]. Both cases considering nascent
soot all along the simulation are characterized by more ballistic aggregation, consequently leading to larger
σRv,geo for larger residence times, in agreement with the observations reported in Chapter 5.
Table 6.2: Morphological parameters characterizing aggregates sampled at the end of the simulation (t = 30 ms).
Population fractal dimension (D f p ), and prefactor (k f p ) as well as average individual packing factor (φ) are reported.
Error values lead to the 95% confidence intervals.

Case
Mature (no potentials)
Mature (LJ)
Variable maturity (LJ+elec.)
Nascent (LJ)
Nascent (no potentials)

Population
Df p

kf p

Individual
φ

1.85 ± 0.01
1.83 ± 0.01
1.82 ± 0.01
1.86 ± 0.02
1.83 ± 0.02

2.15 ± 0.01
2.18 ± 0.01
2.19 ± 0.01
2.19 ± 0.02
2.24 ± 0.02

1.57 ± 0.08
1.49 ± 0.10
-

Table 6.2 summarizes the main morphological properties of aggregates sampled at the end of the
simulation (t = 30 ms). The population-based fractal dimension (D f p ) and the corresponding fractal prefactor
(k f p ) are reported, and further details on their determination are provided in Section S6.7 of the SM A. Overall,
both D f p and k f p are very close for all the cases. Notably, the fractal dimension is larger than the one observed
for DLCA aggregates D f = 1.78, but smaller than BLCA D f = 1.91 limits. Particularly, k f p are considerably
larger than those observed for aggregates formed by pure agglomeration in the absence of surface growth,
whose values attain a maximum quite asymptotic limit ∼ 1.4 (see Chapter 4). The larger fractal prefactors
observed in this chapter are explained by the increase in local compacity due to the overlapping of primary
particles and the increase in the coordination number due to surface growth (see Chapter 5). These values
seem quite close to those determined experimentally [324, 379, 380]. The population averaged packing
factors φ are also reported for the “Mature (LJ)” and “Nascent (LJ)” cases. As explained in Section 6.2.3,
they are determined by fitting the pair correlation function for individual aggregates sampled at the end of
the simulation (t = 30 ms). This parameter is related to the local compacity of primary particles, and has
been found to increase with the number of monomers per aggregate. It attains a maximum value between
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1 to 1.4 for DLCA aggregates consisting of 103 point-touching monodisperse and polydisperse monomers,
respectively [377]. Current aggregates contain ∼ 100 monomers per aggregate and their packing factor
(φ ≈ 1.5) is larger than those found in the referred work. This is explained by primary particle overlapping
(see Chapter 5). These packing factors are in good agreement with the previous chapter where we obtained
φ ≈ 1.49 for large aggregates (N p ∈ [430, 450]) generated under the same flame conditions. However, no
relevant difference is observed in local compacity for the different cases studied.

6.4

Conclusion

A numerical simulation of soot particles aggregation and surface growth is performed by a Monte Carlo
Discrete Element Method in a laminar premixed flame. The role played by soot maturity evolution during
time is explored by modeling the collision and sticking probabilities as well as the evolution of the primary
particle bulk density. The possible impact of the electrostatic repulsion of soot particles has also been
investigated. Numerical results showed that both the particle maturity and the electrostatic forces affect the
value of the collision and sticking probabilities. One raised questions was the evaluation of a critical primary
diameter from which the sticking probability achieves its asymptotic value (unity). We evaluated this critical
diameter around d s = 10 nm for mature and nascent soot. However, when coupling these probabilities within
the Monte Carlo Aggregation Code, it appears that inter-particle interactions do not considerably influence
soot aggregation kinetics, particle size distribution, and morphology. This because the sticking probability
of soot particles tends toward 1 in a very short period of time (a few milliseconds) that corresponds to a
low collision frequency due to the very low soot volume fraction (∼ 10−3 ppm) at this time. Therefore,
under the studied conditions, we conclude that the assumption of a sticking probability = 1 is valid all
along the soot formation process for soot particles even if the simulation begins with particles as small as
d p = 2.4 nm, which is lower than d s . This tends to neglect the role played by electrostatic forces at short
ranges as well as the effect of maturation on the collision and sticking probabilities in the simulation of
aggregates formation for example by solving the population balance equation as in Ref. [148]. This also
explains why most classical DLCA codes, where a sticking probability = 1 is assumed, succeed to produce
fractal-like aggregates quite in good agreement with those measured experimentally under different flames
conditions and fuel types [6, 233, 316, 381]. Also, classical RLCA simulations show that a relevant variation
in aggregates morphology (at least in terms of the fractal dimension) is found for extremely low sticking
probability in the order of 10−3 [52, 130, 382] which is far to be representative of soot formation even when
soot particles are still nascent.
However, the variation of soot particles bulk density due to maturity evolution in time has been shown
to significantly influence the kinetics of agglomeration and thus the related coagulation kernels. Therefore, we
recommend to consider the variation of the bulk density from nascent to mature soot in numerical simulations
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of nanoparticles formation in flames. This is explained by an increased mobility of the particles having
a lower bulk density. Nevertheless, this seems not to have a significant impact on the resulting particles
morphology.
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7 | CFD → MCAC coupling
7.1

Introduction

It is worth recalling that one of the main objectives of this thesis is to simulate a realistic soot particle
morphology evolution under flame conditions. To this end, and based on the developments introduced
in previous chapters, MCAC is used. This approach is coupled with CFD simulations solving the flame
transport equations and chemical reactions leading to soot formation, growth, and oxidation. One of the
main questions we intend to answer here is: can the history of flame temperature and gas-particle mass
transfer have a significant impact on soot morphology? is there a morphological signature of soot particles
produced along different streamlines of the flame? To answer these questions, ideally, the coupling CFDMCAC approach needs a CFD simulation based on Lagrangian tracking of soot particles in the flame as
proposed by Gallen et al. [383]. Instead, here we propose a post-processing Lagrangian approach based
on CoFlame [148] simulations. Section 7.2 describes the target flame. Section 7.3 specifies the details of
the numerical simulations, including the coupling strategy, and Lagrangian trajectory data extraction from
CoFlame simulations. Section 7.4 presents the results of simulations for 4 selected trajectories. Section 7.5
presents a sensitivity analysis of the key parameters influencing the accuracy of current simulations. Finally,
section 7.6 concludes this chapter and suggests some perspectives.

7.2

Target flame

The target flame is an ethylene/air laminar diffusion flame generated in a Gülder burner. This flame is more
representative of most industrial combustion systems compared to the premixed flame studied in the previous
chapters. This is a convenient flame whose chemical kinetics is validated and has shown good agreement with
experiments [218, 297, 384–386]. It is an academic flame with different experimental measurements available
in the literature [213]. For instance, it has been experimentally studied recently to accurately determine its
temperature, volume fraction, and soot particle maturity based on emission/extinction measurements [242]. It
has also been studied to determine soot aggregates gyration diameter, particle number concentration, and
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primary particle diameter based on angular light scattering measurements [89].
In Fig. 7.1a and Fig. 7.1b the experimentally measured soot volume fraction ( fv ) and flame temperature
(T ) from Ref. [242] are presented. They were determined by combining line of sight attenuation (LOSA)
and emission measurements at different wavelengths. In these figures, a maximum soot volume fraction
in the order of 13 ppm is observed in the wings of the flame at a radial position between 2 to 3.5 mm for
axial positions z > 20 mm. Also, maximum flame temperatures are observed in the wings with values not
larger than 1900 K. Please note that this temperature is inferred from soot particles thermal emission and
therefore they are not measured in zones where no (or too small concentration) of soot particles exist. In
addition, Fig. 7.1c shows experimental laser velocimeter measurements in a similar ethylene/air Santoro
diffusion flame [387]. Despite this flame is not exactly the same studied in this chapter in terms of burner
dimensions and fluid/oxidizer flow rates, a similar and comparable behavior is expected in current simulations.
In this figure the streamlines of the gas flow show a clear trend to bend towards the centerline which is more
pronounced for lower z positions. The laminar flow is also verified.

Figure 7.1: Overview of experimental data from similar laminar diffusion flames, (a) soot volume fraction [242], (b)
flame temperature [242], and (c) gas flow streamlines [387].

7.3

Numerical simulations

The numerical simulation strategy involves the combination of two different approaches namely, a CFD
(continuum/macroscopic) approach where the flame chemistry, fluid dynamics, and simplified particle
dynamics are solved, and a DEM (mesoscale) MCAC simulation. Coupling these two approaches allows the
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detailed soot particle morphology, agglomeration kinetics, and size distribution to be explored by considering
the time evolving flame temperature and gas-particle interactions. The coupling procedure is one way,
which means that the CFD code will feed the MCAC code without taking feedback from the latter. As
discussed later, this is justified by the small size and inertia of soot nanoparticles that are carried by the flow
field without disturbing it. This is typically considered in many applications in colloid and aerosol particle
dynamics, whose sizes are comparable to soot, as can be seen in the literature [187, 388]. A two way coupling
may be envisaged for the future in terms of soot contribution to flame radiation, particles morphology, and
agglomeration dynamics.

7.3.1

CFD flame simulation

The target laminar diffusion flame (see Fig.7.1) is generated by a Gülder burner, the same studied experimentally in Ref. [89]. The fuel (ethylene) is injected in the central tube (10.9 mm and 12.7 mm inner and
external diameters, respectively) at a flow rate 0.194 ln/min, and the oxidizer (21% oxygen and 79% nitrogen
mixture) of 90 mm inner diameter coflow tube at a flow rate of 150 ln/min. This flame is simulated by using
CoFlame [148] thanks to a collaboration with EC2 G group from Chile. This code has been widely used in
the literature and validated to study soot formation in premixed [245, 389], and diffusion flames [217, 292]
under different fuel and gas compositions. In addition, this code has been recently used to simulate soot
formation in an inverse diffusion flame [390]. In this code, the elliptic conservation equations of mass,
momentum, energy, and species mass fractions are solved. These equations are solved in a 2-dimensional
(radial r and axial z) cylindrical coordinates taking advantage of the flame axisymmetric configuration. The
flame chemistry is modeled by using the chemical mechanism developed at the German Aerospace Center
(DLR) [391] with the modifications proposed by Dworkin et al. [392]. A 5-ring (A5) PAH model is used to
predict soot particles nucleation and condensation. The computational domain extends up to 14.342 cm in
the axial, and up to 2.741 cm in the radial direction. This is divided into 202 and 92 non-regularly spaced
volume elements in the axial and radial directions, respectively. This mesh is finer near the centerline and
near burner exit (z → 0), symmetric condition is considered at r = 0, and free-slip condition and zero gradient
condition at the maximum radial and axial positions, respectively [384]. Soot particles modeling is achieved
by solving the General Dynamics or Population Balance equation for the aggregate and primary particle
number concentration. These equations are solved by a fixed sectional method similar to the one described in
Section S4 of the SM A. The primary particle and aggregate size distributions are logarithmically divided
into 35 discrete sections each. This equation involves convective, diffusive, and thermophoretic transport as
well as soot particle nucleation, coagulation, PAH condensation and HACA surface growth, oxidation, and
oxidation-induced fragmentation.

Fig. 7.2a, Fig. 7.2b and Fig. 7.2c present the CoFlame simulated soot volume fraction, flame temperaCORIA laboratory
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ture, and flow velocity magnitude (and streamlines), respectively. By comparing with the previously shown
experimental results we can highlight CoFlame’s ability to predict the overall soot particle concentration
and temperature gradients within the flame. Also, streamlines (r < 7 mm) show a very similar trend to
deviate towards the centerline as previously highlighted for experimental measurements (see Fig. 7.1c).
However, soot volume fraction is still under-predicted. This is linked to CoFlame’s difficulties in simulating
surface reactions and nucleation. Flame temperature may be slightly over-predicted and overall shows a good
agreement with experiments. These parameters are compared in more details in Section 7.4.1.

Figure 7.2: Overview of the CoFlame CFD simulated diffusion flame, (a) soot volume fraction, and (b) flame
temperature, (c) gas flow velocity field.

7.3.2

Coupling strategy and hypotheses

As explained in Chapter 3, current Monte Carlo DEM simulations rely on CFD simulations. As shown in
Fig. 7.3, MCAC input properties are the initial condition and time-dependent properties extracted from the
CFD simulation along the selected Lagrangian trajectory of particles. In these simulations, the advective
flux of particles through the domain boundaries are neglected because the simulation box is carried by the
flow. Thus, soot particle mass evolve due to surface reactions, and nucleation. In this context, the total soot
aggregates number concentration N evolution in the simulation box following the Lagrangian trajectory (see
Fig. 3.1) can be modeled based on the General Dynamics Equation,
dN ~
dN
+ Vg ∇ · N − D∆N =
dt
dt
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Figure 7.3: CFD→MCAC one-way coupling strategy.

The advective term on the left hand side is neglected since the simulation system is carried by the flow (with
~ g ) and therefore there is no relative advection. On the right hand side, the
equivalent velocity to the gas V
mechanisms leading to soot number concentration variation are included i.e., agglomeration (agg), oxidation
(ox), and nucleation (nuc), respectively. Please note that surface growth is not included since it only leads to
an increase in particles’ mass but does not modify the total number of particles in the system. In the same
sense, oxidation is included just because we simulate particles with diameters D p > Dc where Dc is a critical
diameter below which the particle behaves as a liquid-like cluster of molecules. So, oxidation leads to delete
particles from the system and consequently can reduce N. Under these considerations, Eq. (7.3.1) becomes,
dN
dN
= D∆N +
dt
dt

+
agg

dN
dt

+
ox

dN
dt

(7.3.2)
nuc

By focusing only on the contribution of the 2 first terms on the right hand side (i.e., diffusion and agglomeration) and considering the dimensionless parameters Ñ = N/N0 , t˜ = t/t0 , and x̃ = x/x0 . Considering also
that agglomeration follows a power-law 1/N(t) ∝ tz̃ in time, where z̃ is the kinetic exponent. Replacing in
Eq. (7.3.2) becomes,
1 d Ñ
t0
Ñ
= D 2 ∆Ñ + (1 − Ñ)
z̃ dt˜
t˜
z̃x0

(7.3.3)

Therefore, the predominance of agglomeration over diffusion happens when Dt0 /(z̃x02 )  1. As has been
discussed in previous chapters z̃ is within the 0.8 to 2.2 range. Indeed, for soot particles generated in flames
(x0 ∼ 60 mm, and t0 ∼ 50 ms) whose size is in the nanometer range and mobility depends on the flame
temperature we can verify Dt0 /x02  1. In particular, for the simulations conducted in this chapter, the
contribution of diffusion to all mechanisms in Eq. (7.3.2) is lower than 0.05%. Based on this analysis,
not only advective net flux of particles through the box boundaries can be neglected but also diffusive.
Therefore, each simulations has only to deal with nucleation, agglomeration, surface growth, and oxidation
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mechanisms.

7.3.3

Lagrangian trajectory

Based on the CFD macroscopic simulation of the flame, a post-processing data extraction procedure along
a Lagrangian trajectory is proposed. The idea is to find the path within the flame that soot particles follow.
To this end, the 2nd Newton law of linear momentum conservation for individual tracers particles is solved
numerically,
mp

~p
dV
= F~b + F~d + F~t + F~g + F~l
dt

(7.3.4)

~ p are the particle’s mass and velocity vector, respectively. Also, F~b , F~d , F~t , F~g , and F~l are
where m p and V
the Brownian, drag, thermophoretic, gravitational, and lift or buoyancy forces. Since we are interested in
an average macroscopic trajectory of soot particles within the flame, the Brownian force can be neglected
(average is 0 at a macroscopic scale), this because the particle persistent distance is much smaller than the
characteristic size of the simulation box (see Chapter 4). The gravitational and buoyancy can be neglected
due to soot nanoparticles negligible mass. The latter becomes relevant for particle’s size in the micrometer
scale which is far larger than typical soot particles found in flames. Under these considerations, Eq. (7.3.4)
reduces to,
mp

~p
dV
= F~d + F~t
dt

(7.3.5)

In addition, drag and thermophoretic forces are calculated as follows [393],
~g − V
~ p)
~g − V
~ p ) = 3πηdm (V
F~d = f (V
Cc (dm )

(7.3.6a)

~
η2 dm2 ∇T
F~t = −0.5π
ρg λg T

(7.3.6b)

where λg and ρg are the mean free path and bulk density of the surrounding gas. This is a simplified
calculation considering tracers soot particles to be spherical, with a mobility diameter dm and thermophoretic
force assumed in the free molecular flow regime (dm << 2λg ). Thermophoretic force has not been properly
adapted to aggregates in the literature [394, 395] and therefore Eq. (7.3.6b) should be interpreted as an
approximation.
Fig. 7.4a reports the four trajectories studied here, being representative soot particles along the
centerline (red line), two intermediate paths (orange and pink), and the wings (black line) of the flame.
As observed in this figure, the wings trajectory is selected for traversing the zone where the maximum
local soot volume fraction is found in CoFlame simulations. Since the flame is axisymmetric, there is
negligible uncertainty related to thermophoretic force along the centerline, however for the intermediates and
wing trajectories a sensible horizontal displacement was observed in the trajectory (this is only reported in
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Figure 7.4: Lagrangian trajectories and the corresponding relevant input parameters for MCAC simulations. Continuous
lines correspond to values determined considering thermophoretic force and dashed lines without considering it (only
shown for trajectory intermediate 1).

dashed line for the case intermediate 1 in this figure). This deviation is specially relevant for the trajectory
intermediate 1 reaching a maximum of ∆r = −0.3 mm from the one neglecting thermophoresis, while
wings trajectory deviates in maximum of ∆r = −0.1 mm in the zones where a relevant soot volume fraction
exist ( fv > 0.2 ppm). Despite the deviation in the trajectory due to thermophoresis may seem “small”, it
may become very important in this flame where strong temperature and particle concentration gradients
are observed. Fig. 7.4b to Fig. 7.4d report the time-dependent input parameters for MCAC simulations
for the four selected trajectories. These parameters correspond to the flame temperature, nucleation, and
surface reactions mass rates (PAH condensation, HACA surface growth, and oxidation), respectively. In the
following section the MCAC initial condition and processing of these time-dependent input parameters is
explained.

7.3.4

MCAC input parameters and processing

7.3.4.1

Initial conditions

Setting up MCAC simulations involves determining the size of the simulation box according to an initial
volume fraction ( fv,0 ), primary particle size distribution (D p,0 and σDp0,geo ), and total number of monomers
(1024 for all simulations). Once the size of the box is determined, the initial number of spherical primary
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particles are randomly placed in the simulation domain (see chapter 3). This means that an initial time of
coupling between MCAC and CoFlame simulations has to be selected. This initial coupling time (t0 ), the
corresponding axial position (z0 ), and all the aforementioned parameters are reported in Table 7.1 for the 4
selected trajectories. These initial conditions are selected based on two criteria, namely (1) the minimum fv
that CoFlame can accurately simulate, (2) primary particle diameter is approximately equal or larger than
the critical coalescence one Dc ∼ 5 nm. The polydispersity of primary particles (σDp0,geo ) is assumed to be
representative of values found in experiments [96].
Table 7.1: Initial condition for CoFlame→MCAC coupling simulations.

7.3.4.2

Case

z0 (mm)

t0 (ms)

fv,0 (ppm)

D p,0 (nm)

σDp0,geo (-)

centerline
intermediate 1
intermediate 2
wings

2.75
0.77
1.64
1.92

86.1
6.4
7.4
5.4

0.0020
0.0077
0.0174
0.0134

5.8
5.5
5.1
4.8

1.2
1.2
1.2
1.2

Time-dependent properties

MCAC simulates the dynamics of non-coalescing soot primary particles whose diameter is D p > Dc where
Dc is the coalescence critical diameter as introduced in Chapter 6. Below this diameter, soot particles behave
as molecular clusters and their dynamics are beyond the scope of this thesis. The interested reader on primary
particle formation may refer to [222, 230, 334]. The total surface reactions ω̇ sr and nucleation mass flux
ω̇nuc in kg-soot/m3 -flame/s, determined by the macroscopic CFD simulations are used as input for MCAC
simulations. The surface reactions mass flux, for particles with D p > Dc reads as,
ω̇ sr = ω̇HACA + ω̇Condensation + ω̇Oxidation

(7.3.7)

where ω̇HACA > 0, ω̇Condensation > 0, and ω̇Oxidation < 0 are the HACA surface growth, condensation, and
oxidation (by both OH and O2 ) mass flux. In addition, considering the surface reaction rate as u sr = dR p /dt
where R p is the primary particle radius. Therefore, the surface reaction rate can be determined as,
u sr =

1
(ω̇HACA + ω̇Condensation + ω̇Oxidation )
ρpS

(7.3.8)

where S is the total exposed surface area concentration (m2 −soot/m3 −flame) of soot particles. This surface
area is determined by considering the overlapping between primary particles at each time step in MCAC
simulations according to the approach described in section 5.2.3. Therefore, the increase (by HACA or
condensation) or decrease (by oxidation) in primary particle radius during a simulation time step ∆t is
determined as R p (t + ∆t) = R p (t) + u sr ∆t. Oxidation is simulated as explained in Chapter 5.
On the other hand, knowing the average mass of nucleated particles mnuc with diameter Dc , and the
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nucleation mass flux ω̇nuc , the increase in the total primary particle number concentration is determined as,
1
dN
=
ω̇nuc
dt
mnuc

7.3.4.3

(7.3.9)

MCAC simulations and sampling

Finally, for each selected trajectory, a total of 10 MCAC simulations are carried out and results presented in
the following sections correspond to the average over these 10 simulations for each case. All the simulations
start with a total of 1024 primary particles under the conditions described in section 7.3.4.1. Nucleated
particles are monodisperse with a diameter D p = Dc = 5 nm, and mass mnuc = 1.243 · 10−22 kg. This
critical diameter Dc is not clearly established in the literature and values between 5 to 10 nm have been
previously considered [215]. Individual surface reactions scheme is considered (see Chapter 5) and particle
volume and surface area are updated at each Monte Carlo iteration according to the corrections to volume and
surface are introduced in section 5.2.3. At each time iteration, the flame temperature (and thus the particle’s
mobility), nucleation, and surface reaction rates are updated according to the parameters given by CoFlame
simulations as described in in section 7.3.4.2. As concluded in Chapter 6, the time-evolving maturity of soot
may influence the particle’s formation dynamics mainly through the evolution of ρ p . However, at this moment
CoFlame simulations are not adapted to soot maturity evolution. Therefore, they are considered mature with
a bulk density ρ p = 1.9 g/cm3 all along their trajectory in the flame. Also, soot electric charges are not taken
into account. Both collision and sticking probabilities are assumed unitary (see Chapter 6). Simulations
end when all the particles have disappeared from the simulation domain due to oxidation. Simulations are
sampled from a minimum axial position (also called height above the burner) ranging from z = 10 up to
z = 70 mm with 10 mm spacing between consecutive sampling locations. This allows a direct comparison
with available experimental measurements to be carried out.

7.4
7.4.1

Results
Flame temperature and soot volume fraction

Fig. 7.5a and Fig. 7.5b show the flame temperature and soot volume fraction for the different simulated
trajectories (dashed lines+symbol) as compared with the available experimental measurements (continuous
lines) [242]. Flame temperatures are quite in good agreement with experiments for the different streamlines
regarding trends and absolute values. The agreement seems better close to the centerline (uncertainty < 5%).
On the other hand, as observed before, soot volume fractions are underpredicted by CoFlame simulations
and therefore by current MCAC simulations. As surface reactions in MCAC are simulated based on the
surface area of aggregates considering the overlapping of primary particles, which is lower than considering
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primary particles to be point-touching as done in CoFlame, even lower volume fractions are observed in
MCAC simulations (please see the Section S7.1 of the SM A for further details).

(a) Temperature

(b) Volume fraction

Figure 7.5: Comparison of flame temperature and soot volume fraction between simulations (dashed lines with symbols)
and experimental data (continuous lines) from Ref. [242].

7.4.2

Soot particle number concentration

Soot aggregates number concentration as a function of z is shown in Fig. 7.6. For lower axial positions it
is decreasing as a function of z due to the predominance of aggregation over primary particle nucleation
until attaining a minimum value at z between 30 to 40 mm. The steepest decreases are observed in the wings
and intermediate 2 trajectories where aggregation is more effective than nucleation due to the larger volume
fractions (see Fig. 7.5b) compared to other trajectories. For larger axial positions it is increasing due to the
aggregates fragmentation induced by oxidation. The steepest increases are also observed for the trajectories
close to the wings due to the stronger oxidation rates as observed in Fig. 7.4d. Soot aggregate number
concentrations are in the same order of magnitude as those experimentally measured [89]. In addition, Puri et
al. [275] experimentally observed a continuous decrease in particle number concentration (measured by light
scattering/extinction) in a similar ethylene flame, spanning residence times from 25 to 66 ms (corresponding
to 10 to 70 mm in z) along the path of maximum fv . According to their measurements, oxidation started at 50
ms and did not observed an increase in N(t) i.e., did not observed oxidation-induced fragmentation. However,
soot fragmentation has been observed in premixed flames under lean conditions and not observed under
flame rich conditions [396]. In addition, real-time Environmental TEM observations reveal that oxidation
can effectively lead to soot fragmentation [397, 398]. Therefore, we think that the increase of N(t) due to
oxidation has a physical meaning in current simulations.
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Figure 7.6: The evolution of the aggregate number concentration.

7.4.3

Soot aggregates and primary particles size distribution

1/D f

fg = DgD f
The moment D f average gyration diameter D
as introduced in section 4.3.4 is reported in
Fig. 7.7 and compared to available experimental data [89]. For a consistent comparison with Yon et al. [89]
fg from current simulations. The
experiments, a constant fractal dimension of 1.77 is used to determine D
fg is determined based on
Dg of individual aggregates are determined based on Eq. (2.1.12). Subsequently D
the population of aggregates simulated. This figure shows much larger soot aggregates in the trajectories
closer to the wings with values above 100 nm which is in good agreement with the available experimental
values, specially for lower axial positions. However, for z = 50 mm, the experimental values are much
larger (by a factor between 1.5 to 2) than those numerically simulated here. This is expected to be related
to CoFlame underestimation of soot volume fraction as previously observed in Fig. 7.5b. Figure 7.8a and

Figure 7.7: Moment D f average gyration diameter comparison between simulations (dashed lines with symbols) and
experiments (continuous lines).

Fig. 7.8b report the geometric mean and geometric standard deviation gyration diameter. Firstly, the lower
fg is observed. This is normal, and is related to the definition of each
magnitude of Dg,geo compared to D
parameter. Secondly, this figure suggests the presence of slightly larger aggregates in the centerline compared
to intermediate 1 trajectory for z > 20 mm. This may be surprising, however Fig. 7.4b, c and d suggest larger
temperature, and nucleation peak for the centerline compared to the intermediate 1 trajectory. Also, similar
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maximum surface growth rates are observed for both trajectories. The polydispersity level characterized by
σDg,geo remained between 1.4 and 1.8 during most part of the simulations, excepting when approaching to the
oxidation zones where these values may be even larger than 1.8 for most cases excepting the wings trajectory.
The largest values were observed along the intermediate 2 trajectory. All these σDg,geo values are smaller than
those experimentally measured by TEM image analysis by Cortés et al. [6] who obtained σDg,geo = 2.9 at
z = 27 mm (centerline) under similar flame conditions. Also, Caumont-Prim et al. [311] obtained σDg,geo
between 2.0 to 2.2 for sot particles from an ethylene diffusion flame whose Dg,geo is within 149 and 93 nm,
respectively based on TEM image analysis. This discrepancy may be explained by the overestimation of
Dg,geo deduced from TEM image analysis that is typically based on the maximum projected diameter which
has larger polydispersity than gyration diameter.

(a) Geometric mean Dg

(b) GSD Dg

(c) Geometric mean D p

(d) GSD D p

Figure 7.8: Soot aggregates size distribution in terms of the geometric mean and geometric standard deviation (GSD)
gyration diameter (Figs. a-b) and primary particle (PP) diameter (Figs. c-d).

Figure 7.8c and Fig. 7.8d report the geometric mean D p,geo and geometric standard deviation σDp,geo
of the primary particle diameter. The D p,geo exhibits values between 10 and 60 nm and these values are
increasing in the surface growth zone and decreasing in the oxidation zones of each trajectory (cf. Fig. 7.4d).
Primary particle diameters evolution along the centerline seem in good qualitative agreement with Chu et
al. [399] who observed values between 20 to 40 nm, reaching a maximum at z = 30 mm under a similar flame
conditions. Excepting the centerline, all the σDp,geo remained below 1.3. As observed in Chapter 5, this value
decreases with surface growth, but increases with both nucleation and oxidation. The largest values were
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observed along the centerline of the flame and are due to more important nucleation (integrated in time), and
also because nucleation arrives much later along this trajectory as compared to other cases. A complementary
simulation (not reported here) of this case without considering nucleation in time revealed that this increase
in polydispersity along the centerline is indeed mainly due to nucleation. In addition, primary particle
polydispersity increases with oxidation, which is consistent with the experimental observations [354].

7.4.4

The evolution of soot morphology

7.4.4.1

Numerical TEM images

Fig. 7.9a shows the 7 selected sampling points in the flame along the 4 different trajectories simulated here.
Soot volume fractions as simulated by CoFlame are shown in color as a reference. On the right hand side of
this figure, some numerical Transmission Electron Microscopy images (nTEM) are shown. These nTEM
images are obtained based on a sample population of aggregates (randomly selected) at each axial position.
All the images have a size of 1024 × 1024 pix2 and the same scale (pix/nm) as indicated in the figure. The
surface coverage of each image is selected proportional to the local volume fraction and variates between
0.05 to 0.20, these are typical experimental target values [88]. The positions of aggregates in the image
are randomly selected avoiding apparent 2d overlapping between aggregates. This means that the distance
between aggregates in these images are not representative of the simulation and the size of the image is not
related to the size of the simulation box. This figure intends to qualitatively illustrate the morphological aspect
of particles formed under different trajectories in the flame when compared at equivalent axial positions
as usually done when analyzing experimental TEM images [399–402]. Despite the figure of soot volume
fraction field on the left hand side shows values below 1 ppm at z = 10 mm for the different trajectories, it is
remarkable to observe the particles that are already present as observed on the nTEM images and indeed,
specially for intermediate 2 and wing trajectories, some relatively large aggregates can already be observed.
This is due to the earlier nucleation peak found for these trajectories as already observed in Fig. 7.4c. When
observing the evolution of nTEM along the same trajectory, the different steps of soot formation can be
verified including soot production for lower z, agglomeration is observed when increasing in z axis and finally,
in the last images of each trajectory, a considerable reduction in both primary particle and aggregate size are
observed. This is due to oxidation and consequent fragmentation. Smaller and more spherical particles are
observed along the centerline and intermediate 1 trajectories. On the opposite, much larger and irregularly
shaped aggregates can be observed in intermediate 2 and wings trajectories. Finally, as has been previously
observed in experiments, large primary particles are observed in the presence of very small ones (even within
the same aggregate) which in current simulations is attributed to the monomer nucleation profile for each case.
Close observation to aggregates also reveals their complex morphology, the degree of monomers overlapping,
and how challenging would be their identification for automated algorithms [77].
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Figure 7.9: nTEM images for the selected trajectories.
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7.4.4.2

Population morphological parameters

Fig. 7.10a, b, and c show the evolution of the population mean coordination number, overlapping coefficient,
and anisotropy coefficient, respectively. The evolution of both primary particle coordination number and
overlapping coefficient seem to be correlated to surface growth and oxidation zones. As previously observed
in chapter 5, the mean coordination number is increasing due to both aggregation and surface growth and
values larger than 2 are purely explained by surface growth. The latter is an essential parameter to which nc is
highly sensitive. The largest N p are observed along the intermediate 2 trajectory explaining why this case
attains the largest nc observed in these simulations. The nc seems to be increasing in the surface growth zones
and decreasing in the oxidation (fragmentation) zones of each trajectory. Population average primary particle

(a) Coordination number

(b) Overlapping coefficient

(c) Anisotropy
Figure 7.10: Soot aggregates morphological parameters including the mean coordination number, overlapping, and
anisotropy coefficient.

overlapping cov is increasing due to surface growth but attains a maximum value due to the competition
with aggregation. Then it decreases due to oxidation. In the centerline of the flame it does not exceed 30%
however, close to the wings it attains values as high as 50%. Mean anisotropy coefficient, determined as the
ratio of the largest and smaller squared eigenvalues of the aggregate’s inertia matrix, shows a clear difference
in morphology between those aggregates formed closer to the centerline or closer to the wings. This may be
related to aggregate’s size, indeed A13 = 1 for isolated spheres is verified, while A13 as large as 16 or even 19
may be observed for very elongated aggregates (see chapter 5). This explains why the wings and intermediate
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2 trajectories exhibit larger A13 compared to other trajectories. It also explains why for z ≥ 20 it is increasing
in the surface growth/aggregation part and decreasing in the oxidation zone. However, in the same range of
axial positions, the intermediate 2 and wings trajectories A13 remains approximately constant.

(a) Fractal dimension

(b) Fractal prefactor

Figure 7.11: Population fractal dimension (D f,p ) and fractal prefactor (k f,p ) evolution (Np,eff > 3). Error bars represent
the 95% confidence intervals.

Fig. 7.11a and Fig. 7.11b report the population fractal dimension and prefactor, respectively. They
are determined by fitting the fractal-law based on the effective number of primary particles per aggregate
Np,eff = αv · N p as a function of the normalized radius of gyration by the volume-equivalent primary
particle radius Rg /R pv , where Rg is accurately determined by discretizing the 3d structure of the aggregates
(see chapter 6). Here, it is very important to consider that V p = (4π/3)R3pv is obtained considering V p =
PN p
(1/N p ) j=1
(4π/3)R3p, j , where R p, j is the radius of the j’th primary sphere. These fractal parameters are
obtained by setting Np,eff > 3. Indeed, when omitting this limit, larger fractal dimensions and lower prefactors
are obtained. Fractal dimension shows different morphologies for the trajectories close to the centerline
compared to those close to the wings of the flame. Less compact aggregates seem to exist near the centerline
with a fractal dimension closer to 1.4 which is the limit for aggregates whose Np,eff → 3, showing a high
degree of uncertainty due to the small aggregates observed along this trajectory. On the other hand, for
intermediate 2 and wings trajectories show fractal dimensions remaining almost constant (for z > 10 mm)
around 1.9. Fractal prefactors are between 2 and 2.6 for almost all trajectories. These values seem to be
associated to the comparable size between aggregates as compared to primary spheres that are naturally more
compact. The larger k f,p values observed for intermediate 2 trajectory compared to other trajectories suggests
that these aggregates may have a larger local compacity which is consistent with results shown in Fig. 7.10.
Both fractal dimension and fractal prefactor are in good agreement with experimental measurements based on
TEM image analysis where k f,p ≈ 2.2 and D f ≈ 1.75 have been measured in ethylene diffusion flames [6, 77].
Finally, it is worth mentioning that population-based morphological parameters tend to lose information
about the variety of particles studied and may be biased by different mechanisms, for example population
fractal dimension can be deviated by soot nucleation. Consequently, in order to have a closer look to the
actual morphology of the particles studied in this chapter, individual morphological analysis is reported in the
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following section.

7.4.4.3

Individual fractal dimension, and packing factor

As discussed in previous chapters, individual fractal dimension and packing factor can be obtained by fitting
a model for the pair correlation function of individual aggregates. However, this procedure is challenging due
to the large number of parameters searched (6 in total). For this reason, for example in chapters 5 and 6 a
fit-by-part procedure was proposed. This procedure is tedious, and showed difficulty to find aggregate’s fractal
dimension due to the difficulty of small aggregates to show an established fractal domain in A(r). For instance,
we may try to overcome this problem by fitting aggregates with a large number of monomers however,
due to the high degree of primary particle overlapping due to surface growth, their size is in competition
with aggregate’s size itself (see Section 5.4.7) which makes difficult to observe a clear fractal regime of
aggregates. Consequently, in this chapter a new method to determine the fractal dimension of aggregates
is introduced. This method is thoroughly described and validated in Section S7.4 of the SM A and briefly
explained here. It consists in fitting Eq. 2.1.7 in log-log based on the radial evolution of the normalized
aggregate’s volume (Np,eff (r) = V(r)/V p ) averaged over all the monomers belonging to the aggregate and
considering a total of 50 radial positions ranging from 2R pv to rcr . The latter corresponds to the radial
position where V(rcr ) = 0.7Va , with Va being the total volume of the aggregate (corrected by monomers
overlapping). Fig. 7.12a shows an example of fit for an aggregate sampled in the wings at z = 50 mm. As
shown in this figure, a fractal dimension D f,i = 1.84 ± 0.03 and a packing factor φi = 1.15 ± 0.05 were
found by a robust fit. These parameters are then used to fit the numerically determined volume-based pair
correlation function as shown in Fig. 7.12b. The latter is determined based on the aggregate volume density
function self-convolution, considering a total of 300 orientations and 200 radial positions (logarithmically
spaced) [53, 140]. This calculation takes primary particle overlapping into account (see 5.4.7). Subsequently,
the pair correlation function is modeled as A(r) = A pp + Aagg , where A pp and Aagg are the primary particle
and aggregate contributions to the total pair correlation function.


A pp (r) = 1 +

Aagg (r) =


2
r  
r 
 1 −
 ,
g
g
4R
2R
pv
pv

φD f,i r
3
R pv

g
r ∈ [0, 2R
pv ]

!D f,i −3 h
i
β
β
e−(r/ξmax ) − e−(r/ξ) ,

r>0

(7.4.10a)

(7.4.10b)

The model used is the same introduced in section 5.4.7, and the expressions for A pp and Aagg are given
by Eq. (7.4.10a) and Eq. (7.4.10b), respectively. Therefore, based on the determined fractal dimension
and packing factor, this model is fitted to search the remaining unknown parameters: the maximum and
minimum equivalent length scales ξmax and ξ, respectively, the stretching exponent β, and the monodisperse
g
volume-equivalent primary particle radius R
pv (modeling A pp ). Some of these parameters are reported in
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g
Fig. 7.12b including the stretching exponent and 2R
pv as indicated in red at the bottom of the figure. The

(a) D f,i and φi

(b) Fit pair correlation

Figure 7.12: Individual fractal dimension (D f,i ) and packing factor (φi ) determination, and pair correlation fit. Calculated
values are presented in symbols, total fit in continuous red line, A pp in dashed blue line, and Aagg in dash-dotted green line

same procedure has been applied for representative aggregates sampled at the selected axial positions for all
the studied trajectories, and the results are shown in Table 7.2. Exception is intermediate 2 trajectory which is
reported in Table S7.5 of the SM A. Inserts on each figure allow the morphology of the analyzed particles to
be observed, however aggregates from different figures do not have the same scale. Different conclusions can
g
be obtained from analyzing Table 7.2. For instance, when observing the evolution of 2R
pv along the same
trajectory, the effect of surface reactions characterized by an initial surface growth and subsequent oxidation
g
stages are observed. Secondly, the proximity between 2R
pv and the aggregate’s cutoff length (specially
evident at the centerline and intermediate 1 trajectories) makes the competition between primary particle
and aggregate size more evident. This means that obtaining a fractal dimension for aggregates formed along
these trajectories is particularly challenging and the values reported in this table are subject to considerable
g
variability, specially along the centerline. These 2R
pv values are larger than D p,geo as previously reported in
Fig. 7.8c. This means that, in terms of the fractal structure as studied from the pair correlation function, an
effective primary particle size has to be considered. As discussed in more details in the following section,
when primary particles are highly overlapped they may be easily interpreted as larger spheres. This effective
primary particle size is larger than the one deduced by analyzing individual overlapped primary spheres
(as done in Fig. 7.8c and Fig. 7.8d). Excepting certain very high values, the packing factor of aggregates
formed in the intermediate 2 and wings seem to be larger than those associated to other trajectories. The
latter seem to show values much larger than those previously found for point touching primary particles [53].
The question here is: can we conclude statistically about these parameters? To answer this question, D f,i
and φi were determined for the population of particles simulated along each trajectory. These parameters
were obtained for aggregates with N p > 20 and they are presented in Fig. 7.13a, and Fig. 7.13b, respectively.
This figure shows that individual fractal dimensions are not considerably impacted by the history of particles
formation in the flame. These individual fractal dimensions are much lower than the population ones as
previously reported in Fig 7.11a. This discrepancy between individual and population average values is
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consistent with Ref. [53] who studied DLCA agglomerates. In addition, experimental TEM image analysis of
soot formed in premixed [324], and diffusion flames [15] have also revealed lower individual than population
fractal dimensions. Packing factor is clearly larger for aggregates formed in the intermediate 2 and wings
trajectories compared to intermediate 1. It may be surprising the large packing factors obtained (compared to
the values of DLCA agglomerates [53]). This is attributed to the increase in local compactness produced by
surface growth.

(a) Fractal dimension

(b) Packing factor

Figure 7.13: Average individual fractal dimension (D f,i ) and packing factor (φ) evolution for aggregates with N p > 20.

7.4.4.4

Other individual morphological parameters

Fig. 7.14 reports the 3-dimensional images showing the aspect of the aggregates having the largest effective
number of monomers, the largest anisotropy coefficient, the largest mean overlapping coefficient, and the
largest mean coordination number for the 4 trajectories studied here. On the right hand side of each particle’s
image, the sampling height above the burner is reported between parenthesis. Also, a number of morphological
parameters are reported including, the effective number of primary particles per aggregate, the anisotropy
coefficient, overlapping, coordination number, primary particle polydispersity, specific surface area S s with
units (m2 /kg), and gyration radius. Maximum effective number of primary particles per aggregate ranges
from 7.4 (centerline) to 59.5 (intermediate 2). In addition, maximum overlapping coefficient up to A13 = 15.8
have been observed. These particles are chain-like showing a tortuosity characteristic of their stochastic
formation process. These maximum values do not considerably differ from those observed for soot formation
in a premixed flame with pure agglomeration or agglomeration and surface growth (see Figures S7.13 in
the SM A). Overlapping coefficients as high as 93% were observed which confirms the needs of redefining
primary particle size as suggested in the previous paragraph concerning the pair correlation function analysis.
This high primary particle overlapping has been observed but not quantified in previous numerical works from
the literature focused on soot formation in premixed flames [327, 334]. The largest overlapping coefficients
were observed for aggregates consisting of Np,eff → 1. Note that these aggregates have the largest mean
overlapping coefficient as determined considering all the pairs of intersecting monomers per each aggregate.
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Consequently, this does not necessarily correspond to the largest level of overlapping between pairs of
monomers in the system. In addition, maximum coordination numbers up to 34.4 have been observed. Both
primary particle overlapping and coordination number are much larger than those observed in premixed
flames 5 suggesting that local compactness is larger for soot aggregates formed in diffusion flames (under the
conditions studied in this thesis).

Figure 7.14: Examples of aggregates with extreme morphological parameters including, maximum effective number of
monomers, maximum anisotropy, maximum aggregate’s overlapping, and maximum aggregate’s coordination number
found for each trajectory.

Fig. 7.14 clearly shows how the different morphological parameters (anisotropy, overlapping and
coordination number) allow to observe different but complementary information about particles. Other
morphological parameters reported in this figure include soot specific surface area S s . This is an important
parameter and maybe one of the most important determining the toxicity of nanoparticles [7–12]. According
to the sample positions in the flame, the largest S s where observed in the oxidation zone of the flame which
is very worrying considering that these particles are the most prone escape the flame and be released to the
atmosphere in real combustion systems! The values reported in this figure go from 32 to 125 m2 /g. These
values are comparable to those measured by BET technique. Indeed, as reviewed by Ouf et al. [360], for
soot particles from different sources, BET determined S s goes from 10 to 807 m2 /g. Another parameter
shown in this figure is the primary particle polydispersity. All the values shown in this figure are ≤ 1.15.
An independent analysis showed values to be at maximum around 2.5 found in the centerline and wings
trajectory, however these values were generally observed for small aggregates consisting of a few monomers.
These values are explained by the late nucleation peaks observed for these trajectories as compared to other
122

Institut National des Sciences Appliquées de Rouen

CHAPTER 7. CFD → MCAC COUPLING

7.4. RESULTS

streamlines (see Fig. 7.4).

7.4.5

Projected area scaling-law

Projected area scaling-law exponent (α) and prefactor (kα ) are derived in the same way as done in chapter 5
i.e., based on the equivalent number of primary particles per aggregate and the ratio of the orientationally
averaged projected area of the aggregate and primary particles. The projected scaling-law exponent and
prefactor are respectively larger and smaller than those obtained by Brasil et al. [30]. This is normal since
Brasil et al. [30] did not considered an effective number of monomers per aggregates which explain why
their kα values are larger than the ones found in this chapter. Also, as observed in chapter 5, one possible
explanation for these values is the non-uniform and larger overlapping of primary particles induced by surface
growth in current simulations. Also, as already seen in Fig. 7.11, the morphology of current aggregates is not
exactly equivalent to those DLCA ones studied by Brasil et al. [30] (see section 7.4.4 for further details). We
also note a moderate dependence of α and kα parameters on the particles trajectory in the flame.

(a) Scaling exponent

(b) Scaling prefactor

Figure 7.15: Prefactor (kα ) and exponent (α) of projected area power-law. Error bars represent the 95% confidence
intervals.

7.4.6

CPU time and computational details

Computer simulations for individual runs of a given trajectory range between 9.15 to 13.18 hours in a single
processor at CRIANN5 computing center. This means that for obtaining the final results for each individual
trajectory these times should be multiplied by a factor of 10, however they can be run in parallel in different
processors. Simulation time is found to be highly sensible to the number of primary particles in the simulation
box. Current simulations involved a total of primary particles ranging from 1024 (initial condition) up to
a limit of 8450 (intermediate 1 case) determined by domain duplication and nucleation rate. Finally, the
error in aggregate’s volume and surface area approximation based on the introduced correlations (αv and
5 CRIANN:

Centre Régional Informatique et d’Applications Numériques de Normandie.
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α s , described in Section 5.2.3) has been observed being below 10% for volume, which is very encouraging
considering the high degree of primary particle overlapping observed in these simulations (see Fig. 7.14).
However, the error in surface area may be as high as 60%, this means that the fit for α s proposed in chapter 5
should be adapted to these higher levels of soot monomers overlapping.

7.5

Sensitivity Analysis

As thoroughly explained in Section S7.3 of the SM A, a sensibility analysis for the proposed CoFlame→MCAC
coupling approach is presented. The sensibility to the following key properties or parameters is tested: the
Lagrangian trajectory, primary particle diameter for nucleation, and the total number of primary particles
in the simulation box. Case intermediate 1 is selected to this end for representing an intermediate case
between the centerline and the wings. The sensitivity analysis is focused on the soot volume fraction (mass
conservation), aggregate number concentration (aggregation kinetics), geometric mean aggregate’s gyration
diameter (particle size distribution), and population fractal dimension (aggregate’s morphology) allowing
a quick and global description of simulations. Firstly, this analysis shows an important sensitivity to the
determination of the soot particle’s Lagrangian trajectory when determined by considering or neglecting
thermophoretic effects (see trajectory intermediate 1 in Fig. 7.4). This is relevant in this diffusion flame where
strong temperature gradients exist. Secondly, the sensitivity analysis shows the initial number of particles in
the box (1024) to be effectively a good compromise between accuracy and computational time. Thirdly, the
dependence on the nucleation particle diameter is found important in the oxidation zones of the flame when
nucleation happens at a diameter larger than 5 nm as considered in this chapter. Also, for a nucleation diameter
D p = 0.9 nm very different results are observed, for instance, nucleation predominates over aggregation for
low axial positions (z < 30 mm). This uncertainty arises from the fact that CoFlame nucleation takes place at
a lower primary particle diameter than Dc considered for MCAC simulations. Therefore, future simulations
should determine an equivalent nucleation at Dc .

7.6

Conclusions

CoFlame→MCAC coupling is successfully done in an ethylene diffusion flame. A total of 4 trajectories
covering from the centerline up to the wings of the flame (where the peak soot volume fraction exists)
are carried out. The determination of soot particle Lagrangian trajectories presents an important source of
uncertainty in the current approach. Particularly, the inclusion of thermophoretic force for the determination
of soot trajectories may play an important role as suggested by the free molecular flow regime thermophoretic
force for spherical tracer particles adopted in this chapter. This determination of trajectories becomes specially
important close to the wings of the flame. This is due to the strong gradients of temperature, and mainly
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due to a nucleation peak found close to the burner exit at the interface between the fuel and oxidizer tubes
exit. This suggests that more accurate Lagrangian tracking methods such as the one proposed by Gallen
et al. [383] should be implemented to improve the accuracy of these simulations. Thermophoretic force is
poorly understood in the literature and its role on soot Lagrangian trajectory by considering the morphology
of particles should be systematically studied in the future. A model of thermophoretic force for aggregates is
currently needed.
Soot aggregates formed in the wings have significantly different morphology and sizes compared
to those formed in the centerline of the flame. This is consistent with previous experimental TEM images
observations in diffusion flames [399–402]. The aggregates formed in the wings are much larger and showed
the largest local compactness as expressed by the primary particle overlapping coefficient and coordination
number. Also, less evidently, those aggregates formed in the wings exhibit larger anisotropy coefficients
which is expected to be explained by the larger size of aggregates compared to the centerline.
The low variability in fractal dimension when comparing different trajectories in the flame is an
important result for Population Balance simulations were typically a constant fractal dimension is assumed.
This is also important for experimental measurements were fractal parameters are commonly assumed
constant all along the flame [64, 89, 311].
Primary particle polydispersity, in the sense of spherical nuclei simulated in this work, is found to
be much larger for particles formed closer to the centerline of the flame. This is explained by the more
important role of time-integrated nucleation in this trajectory than others in the flame. In terms of residence
time, nucleation becomes relevant much later in the centerline than the wings of the flame.
Projected area power-law prefactor and exponent were found o be moderately dependent on the
trajectory followed in the flame and overall values are α = 1.20 and kalpha = 1.05. This suggests that
higher overlapping between primary particles and morphology evolution due to different agglomeration/flow
regimes as revealed by MCAC simulations, are relevant. These parameters are especially important for
numerical simulations relying on orientationally averaged projected area for example to determine collision
frequencies [41] or mobility diameters [78]. They are also very important to analyze experimental TEM
images. These parameters have never been derived before for soot particles in flames as simulated without a
priori assumptions in morphology.
Finally, the evolution of soot maturity along their trajectories in the flame may be important, specially
regarding the evolution of soot bulk density and therefore may be explored in the future.
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Table 7.2: Fit of the pair correlation function of representative aggregates. Calculated values are presented in symbols,
total fit in continuous red line, A pp in dashed blue line, and Aagg in dash-dotted green line (for selected aggregates whose
A13 < 3.5).

z (mm)

Centerline

Intermediate 1

Wings

70

-

60

-

50

40

30

20

10
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Table 7.3: Summary of CoFlame→MCAC coupling simulation results (only Temperature is a result directly from Coflame, the rest correspond to MCAC results).
z (mm)

r (mm)

t (ms)

T (K)

fv (ppm)

N p,e f f

fg (nm)
D

Dg,geo (nm)

σDg,geo

D p.geo (nm)

σDp,geo

nc

cov

A13

D f,p

k f,p

α

kα

10.0
34.2
56.5
63.4
62.6
58.8
42.7

1.12
1.33
1.35
1.28
1.29
1.33
1.59

0.3
0.7
1.2
1.5
1.4
1.2
0.9

0.07
0.24
0.31
0.33
0.32
0.31
0.26

1.35
1.31
1.49
1.80
1.66
1.54
1.35

-

-

1.19
1.22
1.20
1.17
1.18
1.19
1.21

1.01
1.02
1.02
1.03
1.03
1.03
1.02

11.3
29.5
45.7
48.8
48.2
45.3
25.5

1.10
1.14
1.16
1.14
1.15
1.16
1.23

1.6
4.2
6.2
7.0
6.7
6.1
3.7

0.24
0.42
0.49
0.51
0.51
0.49
0.39

2.01
1.64
1.78
2.01
1.89
1.77
1.62

1.77
1.79
1.72
1.68
1.69
1.72
1.85

2.05
2.28
2.22
2.19
2.21
2.23
2.25

1.23
1.28
1.26
1.23
1.24
1.26
1.29

1.03
1.04
1.04
1.06
1.05
1.04
1.04

1.8e+10
9.0e+09
6.2e+09
5.5e+09
6.7e+09
1.1e+10

17.8
30.9
41.6
42.6
40.5
26.0

1.07
1.06
1.05
1.05
1.05
1.09

3.0
7.8
12.5
13.4
11.9
5.8

0.30
0.39
0.43
0.42
0.43
0.36

2.58
2.40
2.43
2.52
2.39
2.44

1.83
1.92
1.91
1.89
1.93
1.91

2.03
2.31
2.42
2.43
2.39
2.23

1.19
1.23
1.23
1.22
1.24
1.22

1.08
1.11
1.13
1.15
1.12
1.09

1.9e+10
9.6e+09
6.7e+09
7.0e+09
1.0e+10

23.8
40.5
56.6
56.0
38.6

1.08
1.07
1.04
1.04
1.08

2.6
6.3
10.1
9.9
5.8

0.31
0.41
0.46
0.46
0.40

2.40
2.28
2.27
2.24
2.31

1.80
1.91
1.89
1.89
1.89

1.99
2.21
2.33
2.33
2.20

1.20
1.24
1.25
1.25
1.24

1.05
1.07
1.09
1.08
1.07

Nagg (1/cm3 )

centerline
10
20
30
40
50
60
70

0

100
109
116
122
127
132
136

1238
1544
1690
1639
1631
1725
1771

0.01
0.37
1.67
2.23
2.16
1.85
0.83

1.3
1.4
1.6
2.0
1.9
1.7
1.4

9.0
31.6
57.5
73.3
68.2
61.0
41.7

8.5
28.7
51.5
64.9
61.0
54.8
34.9

1.25
1.49
1.50
1.46
1.45
1.47
1.91

1.3e+10
1.1e+10
8.7e+09
6.7e+09
7.4e+09
8.3e+09
1.0e+10

intermediate 1
10
20
30
40
50
60
70

1.32
1.06
0.96
0.87
0.80
0.77
0.76

31
40
47
53
58
63
67

1207
1475
1699
1670
1638
1680
1781

0.05
0.44
1.14
1.30
1.28
1.11
0.33

3.6
2.8
3.0
3.7
3.3
3.0
2.8

16.1
34.6
57.1
69.5
63.8
56.2
30.1

13.5
29.7
48.5
58.2
54.3
47.6
24.4

1.52
1.59
1.61
1.57
1.56
1.63
1.91

10
20
30
40
50
60

2.56
2.07
1.84
1.66
1.53
1.47

20
29
35
41
46
51

1431
1635
1751
1709
1678
1713

0.57
1.93
2.96
3.02
2.89
1.37

10.1
11.8
12.4
13.6
11.9
12.0

42.5
71.3
96.9
104.8
92.1
61.9

32.0
55.5
78.2
84.5
74.4
45.1

1.79
1.76
1.65
1.65
1.65
2.05

10
20
30
40
50

3.03
2.60
2.39
2.19
2.07

17
25
32
37
43

1537
1735
1817
1762
1723

0.91
3.09
5.53
5.46
2.79

6.2
8.0
8.1
7.9
8.0

44.9
78.8
109.0
106.5
75.6

35.5
64.4
91.4
89.4
61.1

1.68
1.62
1.56
1.56
1.68

1.7e+10
1.2e+10
8.0e+09
6.2e+09
7.0e+09
8.1e+09
1.2e+10

intermediate 2
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Conclusions
MCAC is a new and powerful code enabling the formation of complex soot aggregates in flames to be
simulated. The kinetics of aggregation, particle size distribution, and morphology can be studied. In these
simulations, the morphology of aggregates of nanoparticles is simulated almost entirely based on first
principles without big assumptions on particles morphology. This has never been achieved before, excepting a
few recent remarkable works [112, 117, 183, 185]. However, these works neglected soot particles continuous
nucleation in time, soot collision/sticking probabilities, and the detailed morphology of aggregates were not
investigated. On the other hand, MCAC is able to simulate all the mechanisms relevant for soot formation
in flames i.e., nucleation in time, surface growth, oxidation (and fragmentation), and agglomeration. At
the same time, the soot maturity evolution and its effects on collision efficiency can be taken into account
by MCAC. This code has been validated by comparison with Langevin Dynamics to accurately predict
the dynamics of individual particles, and precisely consider their residence time for both individual and
populations of polydisperse particles. The latter has been historically considered a limitation of Monte Carlo
DEM methods [102]. The code has shown good agreement with macroscopic Population Balance simulations
of agglomerating soot particles in terms of coagulation kinetics, and particle size distribution. MCAC is much
computationally efficient alternative compared to the aforementioned codes. Also, the individual surface
reactions scheme introduced in this thesis may reduce the CPU time by a factor of 10 compared to typical
population-based surface reactions. Current MCAC approach may open the door to a new type of soot
formation modeling which is both accurate and computationally efficient. MCAC is an open-source code
and different versions are available in Gitlab (see Appendix B). Based on this new approach, the following
conclusions are obtained:
A new energetic approach predicts soot particles collision efficiency: In this thesis, soot maturity is considered as the increase in C/H ratio and soot particles bulk density due to surface growth. Soot particles
interactions are complex, and three outcomes are possible; (1) collision may be inhibited when their
kinetic energy is lower than the electrostatic barrier, (2) rebound may happen when colliding with too
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much kinetic energy compared to the electrostatic barrier and potential well depth, and (3) sticking only
takes place when particle collide with just enough kinetic energy. In this context, we have introduced
probabilities of sticking and collision of soot particles depending on their kinetic energy, electrostatic
barrier and Lennard-Jones potential well depth. These probabilities are commonly ignored in current
Population Balance simulations of soot formation in flames excepting a few remarkable and very recent
works where only Lennard-Jones have been incorporated [246, 247]. These expressions may be used in
future numerical simulations. Collision probability does not play a critical role in soot formation based
on their bipolar charges naturally produced in the flame. As explained in Chapter 6, soot particles can
be modeled as condensed matter i.e., their atomic composition (C/H) determines their Lennard-Jones
interactions and particularly their rebound probability upon collisions.
A new critical diameter for soot monomers systematic sticking is proposed: A critical sticking diameter for soot formation in flames around 10 nm has been found. This means that sticking probability
becomes relevant for soot primary particles which diameter is smaller than this critical value. This
diameter is not strongly dependent on soot chemical composition (maturity). This critical sticking
diameter should be considered for future DEM or Population Balance simulations of soot formation in
flames. The idea of introducing a critical diameter for sticking was just previously hypothesized to
explain low coagulation rates of 1 to 10 nm soot particles [363]. It was suggested as the explanation of
the counterintuitive degradation of small soot particles coagulation frequency when increasing temperature [62]. More recently, numerical simulations suggested low coagulation frequency of nascent soot
particles [246]. However such diameter was never clearly identified as done in this work.
Agglomeration and flow regimes evolution are important: The role played by the change in agglomeration regimes (particle-particle) ranging from ballistic to diffusive has been explored. The simultaneous
change in flow regime (particle-gas) ranging from free molecular to continuum has also been studied.
Both regimes are commonly confused and poorly understood in the literature. For example, free
molecular flow regime is commonly confused or assumed to represent ballistic agglomeration. This
is a misconception that should be eradicated. These regimes were clearly identified and quantified in
this thesis by monitoring the evolution of the fluid (flow regime) Knudsen, and the nearest-neighbor
(agglomeration regime) Knudsen numbers. Soot particles agglomeration in flames takes place in the
transition flow and agglomeration regimes, contrarily to the typically assumed free molecular flow
regime [61, 112, 383]. These assumptions only hold for small isolated primary particles ( 30 nm) and
becomes inaccurate for agglomerates as they are growing and experience more diffusive movement and
their size becomes relevant compared to the fluid mean free path. Primary particle size and polydispersity greatly influence both agglomeration and flow regimes and subsequently the coagulation kinetics,
particle size distribution, and agglomerate’s morphology. Indeed, the population fractal dimension
is dependent on primary particle size and values below the classical DLCA limit were found in this
thesis. This observation is coherent with experiments of colloids agglomeration [124] and has never
130

Institut National des Sciences Appliquées de Rouen

CHAPTER 8. CONCLUSIONS AND PERSPECTIVES

been shown numerically before.
Soot aggregation kinetics is affected by maturity: Under the flame conditions studied in Chapter 6, soot
maturity evolution does not influence relevantly particle’s morphology. However, it plays a role on
aggregation kinetics and particle size distribution. The latter is more important in terms of soot bulk
density evolution rather than collision or sticking probabilities. The impact of the sticking probability
(linked to particle’s potential well and kinetic energy) is not so strong due to higher efficiency of
surface growth as compared to agglomeration to increase the size of particles. Indeed, primary
particles overcome the critical sticking diameter after a few milliseconds passing the zone where these
probabilities are relevant. These probabilities are relevant in the zone in the flame where soot particle
volume fraction is very low (∼ 10−3 ppm) to considerably influence agglomeration kinetics. This
explains the low impact of sticking probability on soot agglomeration kinetics, and aggregate size
distribution. The low relative importance of collision probability (mainly linked to soot electrostatic
charges and kinetic energy) is explained by soot bipolar charges with narrow distribution dependent on
their mobility diameters (< 80 nm).
Self-preserving size distributions are unified: Coagulation naturally increases the geometric standard deviation (polydispersity) of the population of agglomerates until reaching a self-preserving asymptotic
curve depending on both agglomeration and flow regimes. This geometric standard deviation is different
for volume-equivalent, mobility, and gyration radius. Similar observations were done in Ref. [67]
however, unlike this work, they did not consider the simultaneous change in agglomeration and flow
regimes. The self-preserving size distribution is found to follow a generalized Gamma distribution that
can be expressed in terms of the number of primary particles, volume, volume-equivalent diameter,
mobility diameter, and gyration diameter. Before this work, the self-preserving particle size distribution
were only observed for specific agglomeration regimes such as ballistic [67, 236] or diffusive [403, 404]
alone, and transition regimes for spherical coalescing particles [232]. This is a useful finding to compare
the experimentally measured distribution based on different techniques such as SMPS (mobility radius)
and light-scattering (gyration radius) as done in Ref. [89].
Aggregate’s local compactness is highly sensible to surface growth: Agglomeration is a key mechanism
of nanoparticles formation in flames, leading to particle morphologies in some resemblance with those
observed experimentally. Compared with simulations involving pure agglomeration, including surface
growth considerably influences the agglomeration kinetics, particle size distribution, and aggregate’s
morphology. Indeed, the latter is found to be more impacted at the scale of primary particles rather
than aggregate’s fractal structure (under the hypothesis of isotropic surface growth), specially in terms
of their packing and overlapping which is referred as local compactness. This local compactness
is characterized by primary particle overlapping, coordination number, and packing factor. Surface
growth is proposed as the main explanation of soot primary particle overlapping as experimentally
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observed in TEM images. In this context, other physical mechanisms such as sintering/coalescence may
also be important [328, 329, 405] however, this may be relevant only for incipient soot particles [230]
which is beyond the scope of this thesis. Primary particle overlapping is maybe the most relevant
and complex morphological properties of soot particles. This overlapping considerably influences the
physical properties of soot aggregates such as their volume, surface area, and mechanical resistance
which plays an important role on their numerical simulations of surface reactions and soot formation
dynamics. This property also plays a fundamental role on soot-light interaction which is important to
understand their role in climate change [47, 164, 330, 406]. Physically-driven soot overlapping has
never been systematically studied numerically before. The overlapping coefficient is quantified in an
ethylene premixed and diffusion flames. It is found to evolve in time according to the competition
between agglomeration and surface reactions and attains a quite-asymptotic value between 30% to 50%
in the zones of soot formation, and decreases in the oxidation zone. These values are in good agreement
with experiments [77]. However, local overlapping coefficients (averaged at each individual primary
particle) may be as high as twice the population average ones depending on aggregates residence time
under surface growth. Mean primary particle coordination number is a simple but very important
parameter typically overlooked in the literature. This parameter directly determines the mechanical
resistance [337] of aggregates and may influence their radiative properties. When agglomeration
takes place in the absence of surface reactions, this parameter is accurately predicted by Eq. (5.2.5)
which is robust for different agglomerate’s morphology ranging from chain-like agglomerates up to
more compact RLCA agglomerates [52]. In these cases, it tends asymptotically towards 2, and larger
values are only possible when other mechanisms affecting primary particle size are present such as
surface reactions. Systematic determination of the coordination number is proposed in order to take
multi-sphere intersections into account to more accurately evaluate their volume and surface area
based on the introduced semi-empirical equations. When considering surface reactions, it evolves
in a complex way in time and may be much larger (up to 400%) than the asymptotic value found
for agglomerates formed without surface growth. Another parameter that also increases with surface
growth is the packing factor. It is an important parameter relating primary particles and aggregate’s
volume. It is determined by primary particles compactness but also to the aggregate’s fractal dimension.
It is analogous and directly linked to the fractal prefactor which is a commonly overlooked and poorly
understood morphological parameter.
Soot aggregates volume and surface area can be predicted by new expressions: Both primary particle
overlapping coefficient and coordination number are key parameters used to predict the volume and
surface area evolution of soot aggregates. Many works in the literature neglect the effect of overlapping
on aggregates volume and surface area without justification [148, 327, 383, 407]. Other studies
have tried to include it, but they simplified the problem neglecting multi-sphere intersection [187]
or considered a constant overlapping [408]. As shown in Chapter 5, this may lead to large errors in
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both volume and surface area (up to a factor of 3 for individual aggregates). The proposed equations
are combined to accurately predict the total soot volume (< 0.6% error) and surface area (< 5.75%
error) in a premixed ethylene flame. The proposed method can be (hopefully) easily implemented in
current Population Balance (macroscopic) or Discrete Element(mesoscale) simulations to improve the
accuracy and/or the computational time. Both overlapping coefficient and primary particle coordination
number may be used to predict the aggregate physicochemical properties such as chemical reactions,
heat and mass transfer.
Individual aggregate’s morphology is characterized by new methods: The inclusion of primary particles contribution to the total pair correlation function is relevant to soot formation in flames where
aggregates present a complex morphology determined by the competition between aggregation and
surface reactions. In this context, determining the individual fractal properties of particles is not
evident and therefore different approaches have been proposed to this purpose including: modeling and
fitting procedures of the pair correlation function (see Chapters 5, and 6), individual fractal dimension
from radial volume evolution (see Chapter 7). This represents a progress considering previous works
trying to model aggregate’s pair correlation function neglecting the role played by primary particle
polydispersity and focused on the limit of infinitely large aggregates [51]. These new methods allow a
more precise evaluation of aggregate’s local compacity as quantified by the packing factor.
Different streamlines produce remarkably different soot particles: in an ethylene diffusion flame. Primary particle polydispersity is larger for particles formed close to the centerline and this is attributed to
higher nucleation mass rate as compared to other streamlines. Aggregates formed in the wings of the
flame are much larger than those formed in the centerline and the former exhibit a considerably larger
local compactness.
How to define primary particles belonging to aggregates? Under some flame conditions, a high degree
of overlapping between primary particles has been observed by numerical simulations. This means
that according to the different method used to analyze these aggregates, they may be able to identify
this high level of overlapping or not. For example, two monomers with high degree of overlapping
(see Fig. 7.14) may be interpreted as one equivalent sphere when conducting TEM image analysis.
This may have a big impact on all the morphological parameters subsequently derived such as the
number of primary particles per aggregate, the measured overlapping coefficient, the coordination
number, and also on the fractal parameters derived from the fractal-law. On the other hand, from
an autocorrelation function point of view, an aggregate is characterized by two important size scales
namely the aggregate’s size and the primary particle size. The latter has been clearly identified thanks
to the generalized pair correlation function model developed in parallel of this work, and intensively
used here. This leads to define an effective primary particle size that may be closer to the one measured
by different techniques such as TEM image analysis or light-particle interaction.
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Perspectives
Future MCAC developments may include modeling the coalescence of incipient soot particles leading to
the formation of primary particles may be incorporated. In addition, surface reactions and nucleation may
be directly based on the concentrations of gaseous species instead of mass flux rates. Also, the chemical
composition of soot particles (C/H ratio) may be tracked based on the surface reactions modeling in order
to accurately take soot maturity into account. As discussed in chapter 6 this may not be critical for soot
formation dynamics but may be important for subsequent studies of soot radiative properties. Indeed, the
radiative properties of particles simulated in this thesis will be studied in terms of optical cross sections in the
context of the ASTORIA ANR project.
MCAC computational time is currently very sensitive to the initial number of primary particles.
This is expected to be determined by the nature of the Monte Carlo approach. This means that simulating
incipient soot particles (D p < Dc ) is a challenge because the number of particles increases very fast
and some computational strategies, such as domain division, should be implemented to overcome this
limitation. This is similar (but not directly equivalent) to what has been implemented in PBE Monte Carlo
simulations [409].
Improving the accuracy of CFD→MCAC coupling based on CFD simulations including Lagrangian
tracking [383] may be envisaged. This is expected to reduce the uncertainties related to the trajectory
determination as expressed by the difference between soot volume fraction from CFD simulations and the
one obtained by integrating soot formation mechanisms along the trajectory. Also, comparison of this more
accurate Lagrangian methods with the current post-processing methodology may may be done. An approach
to the thermophoretic force adapted to aggregates is currently needed.
Future works may involve modeling more complex flames such as turbulent with special interest in
aeronautical applications. On the other hand, the formation of soot super-aggregates and transition towards
gelation may be simulated in the future. Studying these type of particles may be especially relevant in
the context of fires and atmospheric pollutants formation. However, the high concentration limit has to be
carefully treated because most of the approaches considered in this thesis consider the characteristic time of
agglomeration and surface reactions to be much larger than particle’s momentum relaxation time which holds
in the diluted regime (volume fraction lower than 1%).
MCAC is a versatile code that can be adapted to simulate different problems in Aerosol Science
involving the formation, transport, deposition, resuspension, and filtration of particles in flows. The study
of the physical properties such as mobility, heat transfer, and particle-light interaction of these particles
considering their complex morphology. In this context, this type of codes may encounter great applications in
the context of synthesis of nanomaterials in/out flames.
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APPENDIX A. SUPPORTING MATERIAL

A | Supporting Material
In order to reduce the size of the present manuscript, Supporting Material has been included. In this
companion document the different validations of numerical codes developed in this thesis are provided along
with additional information about different subjects treated in this thesis.
Supporting Material contains the following sections,
S1 Langevin Dynamics simulations
S2 MCAC Fundamentals
S3 Agglomeration of nanoparticles
S4 Population Balance and MCAC comparison
S5 Surface growth modeling
S6 Soot maturity and collision efficiency
S7 Coupling MCAC-CFD
This document is accessible by scanning the following QR code (also clickable for the PDF version),
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B | Numerical codes
B.1

Monte Carlo Aggregation Code

The updated version of MCAC is publicly available under the following website https://gitlab.coria-cfd.
fr/MCAC/MCAC. In this website, the different versions of the code, associated with different stages of this
thesis, are provided.

B.2

Population balance code

Population balance simulations have been conducted by using a developed C++ code, which is available under
the following website https://gitlab.com/jmoranc1/ngde_cpp.git. This is a Git repository where
contributions from anyone are welcome, and future developments of this code will hopefully be done.
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Journal of Colloid and Interface Science, 569, 184-194.
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Code (MCAC) Part 2: Application to soot agglomeration, highlighting the importance of primary
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E | Synthèse en français
E.1

Introduction

Comme le montre la Fig. E.1, l’étude de la formation des particules de suie, avec un accent particulier
sur la morphologie, a un impact remarquable dans 4 domaines : (1) la santé humaine, (2) l’atmosphère et
la qualité de l’air, (3) les matériaux carbonés industriels, (4) les mesures expérimentales. Les particules
de suie ont été identifiées comme le deuxième plus grand contributeur au réchauffement climatique, juste
après le dioxyde de carbone. Lorsqu’elles sont libérées dans l’atmosphère, ces particules peuvent influencer
la formation des nuages et modifier les propriétés radiatives de l’atmosphère [4]. Ces particules peuvent
pénétrer profondément dans les poumons et même être cancérigènes [9]. Cependant, la suie n’est pas
toujours mauvaise puisque la production industrielle de ces particules se fait à raison de plusieurs tonnes
par jour. La plupart des applications actuelles (∼ 70%) concernent les pigments et les renforts de pneus. La
morphologie et les propriétés physico-chimiques des particules de suie ont été mises en évidence comme
étant les propriétés les plus importantes et les plus prometteuses pour d’éventuelles applications futures dans
le domaine de l’exploitation des énergies renouvelables, notamment la séparation du dioxyde de carbone,
les supercondensateurs, les batteries et le support de catalyseur dans les piles à combustible et les cellules
solaires [3]. Enfin, une meilleure compréhension de la formation, de la composition et de la morphologie
des particules de suie est nécessaire pour améliorer la précision des diagnostics expérimentaux basés sur
l’interaction particule-lumière [14] ou l’analyse directe par microscopie électronique [15].

Figure E.1: Domaines d’impact des particules de suie.

L’une des propriétés les plus complexes des particules de suie est leur structure filamentaire de
type fractal (voir Fig. E.1). Dans ce contexte, la plupart des codes numériques actuels basés sur le modèle
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de bilan de population (Smoluchowski) négligent leur morphologie et considèrent que les particules sont
sphériques. Les codes les plus avancés considèrent que les particules primaires sphériques se touchent
ponctuellement et négligent la géométrie des contacts pouvant prendre la forme d’une gangue6 et/ou d’un
recouvrement7 . Ces propriétés ont été négligées pendant longtemps dans la littérature en raison de leur faible
importance apparente pour la dynamique des particules ou les taux de collision. Cependant, il existe différents
phénomènes physiques très sensibles à ces propriétés, comme l’interaction particule-lumière [47]. De plus,
une bonne prédiction des contacts géométriques des particules primaires est essentielle pour comprendre
la fragmentation des particules et leur performance physico-chimique (réactions chimiques, transfert de
chaleur et de masse). En raison des limites des modèles de bilan de population, de nouvelles approches sont
nécessaires pour apporter des informations précises sur la morphologie des particules de suie et la dynamique
de leur formation dans des conditions de flamme réelles. La modélisation par éléments discrets (MED), où
la trajectoire de chaque particule individuelle est simulé, apparaît comme une alternative attrayante pour
surmonter les limitations mentionnées avant. Les simulations MED prennent de plus en plus d’importance au
fur et à mesure que des ressources informatiques plus importantes deviennent disponibles. Dans ce travail, un
nouveau code MED de Monte Carlo appelé MCAC est présenté et ensuite utilisé pour étudier l’agglomération
de la suie, et sa croissance de surface dans des flammes d’éthylène prémélange et diffusion.
Rebound critical
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Figure E.2: Différents mécanismes et processus impliqués dans la formation de la suie dans les flammes.

Il est généralement admis de considérer les hydrocarbures aromatiques polycycliques (HAP) comme
les précurseurs de la formation de suie lors d’une combustion riche en carburant. Les premiers noyaux de
suie ont un diamètre d’environ 1 nm avec une morphologie sphérique, quasi liquide due à la coalescence
(voir Fig. E.2). En même temps, la taille des particules augmente en raison de la croissance de surface où les
molécules de HAP peuvent se condenser sur la surface des particules de suie et/ou le carbone est ajouté en
même temps que l’hydrogène est evacué des particules (phénomène HACA). L’agglomération des particules
peut se produire avec une probabilité donnée de collage en fonction de leur composition chimique (maturité),
de leur taille, et de la température de la flamme. Les agglomérats peuvent expérimenter un changement de
régime, passant d’une agglomération balistique et limitée par réaction à une agglomération proche du régime
limitée par la diffusion. Enfin, ces particules peuvent être éventuellement oxydées, c’est-à-dire que des
atomes de carbone dans les particules réagisent principalement avec l’oxygène et l’hydroxyle présents dans
la phase gazeuse. Dans ce contexte, l’effet de changement du régime d’agglomération a reçu peu d’attention
dans la littérature, et ses effets morphologiques restent incertains. L’effet de la probabilité de collage n’a
pas été systématiquement étudié et le diamètre critique (d s dans la Fig. E.2) pour considérer une probabilité
de collage unitaire est actuellement inconnu. La majorité des études dans la littérature sont basées sur une
description de la formation de la suie par le bilan de population qui ne prend pas en compte la morphologie
des particules. L’évolution morphologique complexe des agrégats de suie dans les flammes a été étudiée
par quelques travaux et une meilleure compréhension en termes d’impact sur la cinétique de croissance des
particules, et la distribution de taille des particules nécessite plus de recherches. Le présent travail tente de
6 Necking

en anglais.
en anglais

7 Overlapping
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combler ces manques de connaissances.

E.2

Méthodes

Comme le montre la Fig. E.3, les simulations MCAC représentent l’évolution des particules de suie le long
d’une ligne de courant donnée dans la flamme (ligne continue cyan). Cette ligne de courant déterminera un
profil de température, la disponibilité des espèces gazeuses pour les réactions de surface, et la nucléation
des particules de suie. Comme le montre la partie droite, au début de la simulation, les particules de suie
sont considérées comme sphériques avec un certain degré de polydispersité en taille. Ces particules sont
distribuées aléatoirement dans un domaine cubique en évitant l’intersection avec d’autres particules déjà
présentes et en introduisant suffisamment de particules pour respecter une fraction volumique initiale connue.
Le domaine est supposé être porté par l’écoulement, négligeant ainsi les effets d’inertie. Cette dernière est
justifiée par la petite taille et la masse des particules de suie (arrivant rarement à l’ordre du micromètre). La
trajectoire de chaque particule individuelle est intégrée sur la base d’un nouveau schéma de Monte Carlo
(MCAC) trouvé en bon accord avec l’équation de Langevin.

Figure E.3: Méthode de simulation MCAC.

Des conditions périodiques aux limites sont considérées. Nous laissons les particules s’agglomérer
avec une probabilité de collage donnée lors des collisions. Ces dernières conduisent à la formation
d’agglomérats comme celui montré dans la partie supérieure de la Figure E.3. En même temps que l’agrégation
a lieu, la croissance de surface des particules de suie est prise en compte en simulant un flux de molécules
qui augmentent continuellement la taille des particules primaires conduisant à leur recouvrement apparent
comme observé sur cette figure.

E.2.1

Approche de Monte Carlo

Le code d’agrégation de Monte Carlo proposé (MCAC). Cette version du code est couplé avec des simulations
CFD permettant la prise en compte de la nucléation, de la coagulation, de la croissance de surface et de
l’oxydation des nanoparticules. Cette dernière peut conduire à la fragmentation des agrégats. Le code est
décrit comme suit,
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Code d’agrégation de Monte Carlo
Étape 1 :
Étape 2:
Étape 3:
Étape 4:

Étape 5:

Étape 6:
Étape 7:

Au début de la simulation, les particules sont réparties de manière aléatoire dans
une boîte cubique en évitant tout intersection entre elles.
Une particule est choisie au hasard avec une probabilité de prélèvement p.
La particule sélectionnée est déplacée dans une orientation aléatoire (θ) le long de
sa distance persistante (λ p ) ou moins si une collision avec un voisin est détectée.
Si aucune collision n’est détectée, on passe à l’Étape 5. Dans le cas d’une
collision, un nombre aléatoire (avec une distribution uniforme) δ ∈ [0, 1] est généré
et deux résultats possibles existent en fonction de la probabilité de collage q,
Étape 4.1: Les deux particules se collent l’une à l’autre au premier point de
contact lorsque δ ≤ q,
Étape 4.2: Les particules rebondissent, c’est-à-dire qu’elles ne se collent pas et
se heurtent élastiquement lorsque δ > q.
La particule sélectionnée subit des réactions de surface. Cela signifie que
ses particules primaires peuvent augmenter (croissance de surface) ou diminuer
(oxydation) de taille. Ce dernier cas implique une vérification ultérieure de la
fragmentation de l’agrégat.
Étape 5.1: Si aucune fragmentation ne s’est produite, on passe à l’Étape 6.
Étape 5.2: Sinon, l’agglomérat est fragmenté en 2 ou plusieurs petits morceaux
(agrégat).
La nucléation, où les particules primaires sont introduites de manière aléatoire
dans le domaine (en évitant l’intersection avec les voisins), peut avoir lieu.
Le taux de réaction de surface, le taux de nucléation, la température et la
composition des particules sont mis à jour selon le couplage MCAC-CFD. Ce processus
est répété de manière itérative à partir de l’Étape 2 jusqu’à ce qu’un critère
défini par l’utilisateur soit satisfait, par exemple, une limite du temps de
résidence est atteinte.

Dans ce contexte, les méthodes MCAC détaillées sont,
• Dynamique des particules : La distance persistante des particules (λ p ) et le temps de résidence (∆t)
correspondant des agrégats sont introduits,
√
∆t = 3τ
(E.2.1)
λ p = 18Dτ;
où D est le coefficient de diffusion de la particule en (m2 /s), τ = m/ f est le temps de relaxation de la
quantité de mouvement en fonction de la masse de la particule (m) et du coefficient de friction ( f ).
De plus, ∆t est le temps mis par la particule pour parcourir la distance de persistance λ p et simuler
correctement le mouvement brownien de la particule. En outre, la probabilité de choisir la i’ème
particule est,
∆t−1
pi = P i −1
(E.2.2)
j ∆t j
De plus, lorsque les agglomérats grandissent, ils peuvent subir un changement de régime d’écoulement,
c’est-à-dire que la force de friction évolue d’une forme moléculaire libre ou d’Epstein ( f ∼ R2m ) vers
un continuum ou une forme de Stokes ( f ∼ Rm ), où Rm est le rayon de mobilité et f le coefficient de
friction. Ceci est pris en compte sur la base du modèle de Yon et al. [56]. Pour un agrégat constitué de
N p,e f f particules primaires,
Γ/D
f = f p N p,e f ff
(E.2.3)
où f p est le coefficient de friction d’une particule primaire individuelle, D f est la dimension fractale de
l’agrégat, et Γ est une fonction dépendant du régime d’écoulement de la particule primaire. Ce dernier
est déterminé par la thermodynamique du fluide et la taille de la particule primaire. Veuillez noter que
lorsque les particules se recouvrent en raison de la croissance de surface, N p,e f f est considéré comme
un nombre effectif de particules primaires.
• Probabilités de collage/collision : Considéré comme le produit de deux probabilités.
! q
q
h
i
g
g
q1 = 1 − erf
Ebar + Eg
bar exp − E bar
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q2 = erf

q

! q
h
i
]
]
]
E stick − E
stick exp − E stick

(E.2.4b)

Où, erf(x) est la fonction d’erreur d’une variable x. De plus, les Ebar et E stick sont la barrière d’énergie
électrostatique et l’énergie totale de collage (la somme de la valeur absolue du puits de potentiel et
de la barrière d’énergie). La probabilité q1 dépend de la composition chimique (maturité), de la taille
et de la température des particules de suie. Et q2 dépend des charges électriques des particules. En
termes simples, une particule de suie petite et non mature (∼ 2 nm de diamètre) a q1  1, tandis
qu’une particule mature plus grande (∼ 12 nm de diamètre) a q1  1. Les particules de charge égale se
repoussent (q2  1) tandis que la collision neutre-chargée ou neutre-neutre entraîne q2 ≈ 1.
• Croissance de surface Pendant un petit pas de temps ∆t, la masse de la particule primaire augmente
(∆m) en raison d’une densité de flux spécifique entrante ϕ en (kg/m2 /s) est,
Z
∆m = ∆vρ p =
ϕds · ∆t
(E.2.5)
S

Où ∆v et ρ p sont l’augmentation du volume des particules et la masse volumique apparente, respectivement. De plus, S est la surface de la particule primaire exposée au flux entrant. Le rapport ϕ/ρ p = u est
interprété comme la vitesse de croissance de surface en (m/s). En evaluant l’augmentation du volume
de la particule primaire par ∆v = S ∆r, où ∆r est l’augmentation de la taille de la particule primaire, on
obtient l’expression suivante,
r(t + ∆t) = r(t) + u∆t
(E.2.6)
• Nucléation : La naissance de particules primaires sphériques a lieu à un diamètre donné. Pour ce faire,
on considère un flux de nucléation ω̇nuc en (kg/m3 /s) qui est multiplié par le volume de la boîte de
simulation pour obtenir la masse totale à introduire, puis il est divisé par la masse des nucléi individuels
pour déterminer la concentration en nombre de monomères (N) à nucléer à chaque pas de temps.
dN
1
=
ω̇nuc
dt
mnuc

(E.2.7)

• Oxydation : Dans la version actuelle du code MCAC, l’oxydation est considérée comme le processus
inverse de la croissance de surface et l’équation (E.2.6) est utilisée pour déterminer la taille des
particules primaires lorsque le taux u est négatif. Ensuite, sur la base de la théorie des graphes, le
chevauchement entre les particules primaires appartenant à un agrégat est vérifié et la fragmentation,
où les agrégats sont divisés en plusieurs petits morceaux, peut avoir lieu.

E.2.2

Validation de la méthode proposée

La dynamique d’une population de particules primaires polydispersées sans interaction est en bon accord
avec les simulations de Dynamique de Langevin. Cela signifie que le mouvement brownien des particules
individuelles est correctement simulé et que le temps de résidence des particules individuelles est cohérent
avec la méthode mentionnée. Le code est utilisé pour simuler l’agglomération de nanoparticules en suspension
dans des conditions de flamme. Il est en bon accord avec la littérature en termes de noyaux de coagulation
pour différents régimes d’agglomération (de balistique à diffusif). Le code est également comparé à une
méthode nodale de bilan de population. Compte tenu de l’incertitude sur la morphologie des particules de
cette dernière, l’accord entre les deux approches en termes de cinétique d’agglomération, de taille et de
polydispersité des particules est considéré bon. Cependant, il existe de petites incertitudes liées à la prise en
compte de la morphologie dans les codes de bilan de population.
La méthode proposée suppose un équilibrage thermique rapide des particules. La distance persistante
proposée et le pas de temps correspondant considèrent que le mouvement des particules est toujours en équilibre thermique avec le fluide environnant. Du point de vue de la collision, cette hypothèse est valable lorsque
τ  τc où τc est le temps caractéristique de la collision. À chaque collision inélastique (agglomération), les
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particules sont temporairement hors équilibre avec le gaz environnant et un certain temps est nécessaire pour
atteindre cet équilibre. Si une collision subséquente arrive dans cette fenêtre de temps, alors l’hypothèse
d’équilibre thermique dans l’approche proposée n’est pas respectée. Selon la littérature, cela ne peut devenir
important que pour des fractions volumiques de particules extrêmement grandes, de l’ordre de 0.1%. Du
point de vue des réactions de surface, τ  τ sr où τ sr est le temps caractéristique des réactions de surface.
Dans l’approche proposée, les particules sont déplacées et les réactions de surface ont lieu individuellement.
Cela suppose intrinsèquement que les particules sont déplacées dans une échelle de temps où la mise à jour
des autres voisins, et par conséquent les probabilités d’appel de particules, ne changent pas considérablement.
Cette hypothèse est difficile à vérifier et, par la suite, certains tests ont été effectués en simulant la croissance
de surface sur la base de réactions individuelles et de population sans trouver de différence significative.
Ainsi, pour les simulations de suie dans des conditions de flamme où les fractions volumiques sont bien
inférieures à la limite mentionnée précédemment, et où le temps de réaction en surface n’est pas trop rapide
par rapport au temps de relaxation des particules, il n’y a pas de problème.

E.3

Résultats

E.3.1

Agglomération de suie

E.3.1.1

Simulations

L’agglomération des particules de suie est tout d’abord considéree avec une masse volumique constante
ρ p = 1.8 g/cm3 aux conditions de flamme (pression atmosphérique et température de 1800 K). Le code
décrit dans les sections précédentes est utilisé sans tenir compte des réactions de surface et la nucléation
est considérée comme ayant cessé au début de ces simulations. L’agglomération a lieu lors de collisions de
particules avec une probabilité de collage unitaire q = 1. Sauf indication contraire, les particules primaires
sont de taille monodispersée avec un diamètre compris entre 1 et 80 nm. Ces paramètres sont représentatifs
des particules de suie dans les flammes. Les particules sont considérées comme matures tout au long de la
simulation et la variation temporelle de la masse volumique et des probabilités d’adhérence est négligée.
Un total de 2048 particules est considéré par simulation et les résultats sont moyennés sur un total de 10
simulations pour chaque cas étudié.
E.3.1.2

Régimes et cinétique d’agglomération

La Figure E.4a présente les régimes d’agglomération (interaction particule-particule) et d’écoulement (interaction particule-gaz). Le premier est déterminé par le nombre de Knudsen des plus proches voisins
Knn = λ p /Rn où Rn ∼ N −3 est la distance moyenne entre voisins, inversement proportionnelle au nombre
de concentration totale de particules N. Le nombre de Knudsen du fluide Kn f = λ f /Rm où λ f est le libre
parcours moyen du fluide qui est d’environ 66 nm pour l’air à température ambiante, et d’environ 498 nm
pour l’air à la température de flamme. Sur cette figure, la transition simultanée des régimes d’écoulement
et d’agglomération est observée pour différents diamètres et polydispersités de particules primaires. Les
particules les plus petites, comme celles de 1 nm de diamètre, ont un mouvement très balistique et leur
dynamique est déterminée par le régime d’écoulement moléculaire libre ou d’Epstein. Par ailleurs, les
particules plus grandes, telles que celles monodispersées de 80 nm de diamètre, ont un mouvement très diffus
et un régime d’écoulement proche du continuum à la température de la flamme.
La Figure E.4b, présente l’évolution de l’inverse de la concentration en nombre de particules présentant
une évolution en loi de puissance avec le temps 1/N(t) ∝ (t/τa )z où z est l’exposant cinétique, et τa est
le temps caractéristique de l’agglomération. Au début du processus d’agglomération (t/τa  1), tous les
cas montrent une évolution similaire dans le temps. Ceci s’explique par le fait que l’exposant cinétique
est z ∼ 1 pour les particules primaires sphériques et ne dépend pas fortement du régime d’agglomération.
Au moment t/τa ≈ 1, une transition claire vers un processus dominé par l’agglomération est observée. À
ce stade, l’exposant cinétique est déterminé par le régime d’agglomération / écoulement. L’agglomération
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(b) Cinétique d’agglomération

Figure E.4: Dynamique d’agglomération de la suie (la fraction volumique des particules est constante de 10 ppm).

moléculaire balistique / libre est très rapide et présente donc les plus grands exposants cinétiques. À l’opposé,
les particules primaires plus grandes et plus lourdes (80 nm) présentent l’agglomération la plus lente avec un
exposant cinétique non trés différent de celui des sphères primaires.
E.3.1.3

Distribution de taille des particules

La figure E.5 présente la distribution granulométrique asymptotique (t/τa  1) des agrégats. C’est l’une
des raisons pour lesquelles la simulation des agglomérats est si complexe. Comme on peut l’observer sur la
figure, on trouve différentes formes de distributions pour les diamètres equivalent volume, de giration, et de
mobilité. Ces distributions sont caractérisées par des écarts types géométriques et des moyennes géométriques
différents selon les régimes d’agglomération et d’écoulement.

Figure E.5: Distribution asymptotique de la taille des particules exprimée en termes de (a) diamètre équivalent au
volume, (b) diamètre de giration, et (c) diamètre de mobilité.

Connaître la distribution en termes d’un des diamètres mentionnés précédemment peut permettre de
trouver la distribution en termes des autres diamètres, cependant il n’existe actuellement aucune méthode
permettant cette conversion. Dans le présent travail, nous constatons que les différentes distributions de taille
de particules suivent une distribution Gamma genéralisée,


"  p#
p/ad
X
f (x) =
X d−1 exp −
,
(E.3.8)
e
xΓ(d/p)
a
où f (x) est la fonction de densité de probabilité de taille des particules. Ici, x correspond à l’un des quatre
paramètres de taille considérés dans la présente
étude (nombre de monomères, volume, giration, et diamètre de
R∞
mobilité). Dans cette équation, Γ(y) = 0 ty−1 e−t dt est la fonction Gamma, p est un paramètre de dimension,
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a = (1 − λ)−1/p , d = p(1 − λ), et X = x/e
x est une grandeur sans dimension où e
x = (x p )1/p . Ici, le paramètre clé
est le coefficient d’homogénéité λ qui dépend de l’agglomération et du régime d’écoulement. La figure E.5
présente en ligne continue la distribution Gamma correspondant au régime auto-préservée. Cette dernière se
trouve en meilleur accord avec les simulations qu’une distribution lognormale qui est typiquement observée
dans les expériences.
E.3.1.4

Morphologie des agrégats

La morphologie des agrégats est étudiée en ajustant la loi de puissance fractale en fonction de la population
de particules à chaque pas de temps de la simulation,
Dg
Va
∝
Vp
Dp

!D f
(E.3.9)

Où Va et V p sont le volume moyen de l’agrégat et de la particule primaire, respectivement. De même, Dg
et D p représentent respectivement le diamètre de giration et le diamètre moyen des particules primaires.
Enfin, D f et k f est la dimension fractale et prefacteur, respectivement. Dans la Figure E.6, la dimension
fractale asymptotique (t/τa  1) est rapportée en fonction du diamètre des particules primaires. Tout d’abord,
les valeurs obtenus sont inférieures à celles classiquement rapportées pour l’agglomération limitée par des
collisions balistiques (BLCA) mais aussi, elles peuvent aller en dessous de l’agglomération limitée par des
collisions diffusives (DLCA) en accordance avec Meakin [286]. Cette observation est cohérente avec les
particules échantillonnées expérimentalement dans différents types de colloïdes [317].

Figure E.6: Dimension fractale asymptotique en fonction du diamètre des particules primaires. Comparaison avec les
limites BLCA (D f = 1.91) et DLCA (D f = 1.78) pour des régimes d’écoulement fixes [286] (*) et des mesures
expérimentales [317] (**).

E.3.1.5

Conclusions

Le changement simultané des régimes d’écoulement et d’agglomération pour la formation de nanoparticules
dans des conditions de flamme n’a pas été systématiquement étudié dans la littérature. Dans le présent travail,
cette dépendance est étudiée en fonction de différentes tailles de particules primaires en considerant leur
polydispersité. Ceci a un impact significatif sur la cinétique d’agglomération ; en effet, l’exposant cinétique
peut augmenter d’un facteur 2 lorsque l’agglomération passe du régime diffusif au régime balistique. La
distribution de taille des particules est également affectée par les régimes d’écoulement et d’agglomération.
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Une expression unifiée a été proposée pour décrire la distribution de taille auto-préservée des nanoparticules
telle qu’elle est atteinte pour les particules de suie sous différents régimes d’agglomération et d’écoulement.
Enfin, un effet significatif sur la morphologie est également observé en fonction de la taille des particules
primaires et donc de l’agglomération des particules et des régimes d’écoulement. La dimension fractale est
inversement corrélée à la taille des particules primaires et des valeurs inférieures à la limite de diffusion sont
ainsi déterminées.

E.3.2

Agglomération et croissance de surface de la suie

E.3.2.1

Simulations

Un environnement de flamme prémélangée d’éthylène tel qu’étudié par Harris [238] est considéré pour
simuler l’agrégation et la croissance de surface simultanées des particules de suie. Dans ce contexte, une
température constante de 1700 K et la pression ambiante sont considérées. Le flux de croissance de surface
mesuré expérimentalement en fonction du temps est considéré comme basé sur ce travail en supposant une
masse volumique de suie constante de 1.8 g/cm3 . Les cas seront référencés tout au long de ce manuscrit
en termes de taux initial de croissance de surface, c’est-à-dire u0 = 0.4 nm/ms correspondant à une flamme
ayant un rapport C/O=0.82, et u0 = 0.6 nm/ms correspondant à C/O=0.94 tel que mesuré expérimentalement
par Harris [238]. Comme cas de référence, une agrégation pure sans croissance de surface est également
simulée (référencés u = 0). En considérant les données expérimentales disponibles, les simulations couvrent
la gamme 8.3 − 30 ms en temps de résidence, correspondant approximativement à 5 − 25 mm en termes de
hauteur au-dessus du brûleur. Au temps de résidence initial (8.3 ms), l’agglomération des particules de suie
peut être négligée en raison de la coalescence des particules après la collision [215]. Dans ce contexte, la
distribution initiale de la taille des particules primaires est considérée comme lognormale avec une moyenne
géométrique de 8 nm, et un écart type géométrique σ p,geo = 1.2 en accord avec les données des flammes
d’éthylène prémélangées. La fraction volumique initiale de suie est de fv = 0.118 ppm pour tous les cas
sauf un cas ayant u0 = 0.6 nm/ms, où fv = 0.357 ppm est considéré. Pour chaque cas simulé, un total de
1024 particules primaires est considéré au début de la simulation et un total de 10 simulations est effectué
par condition. Les résultats rapportés ultérieurement sont moyennés sur 10 simulations. Le cas de référence
(u = 0) a été validé avec succès par comparaison avec des simulations macroscopiques de Bilan de Population
en termes de cinétique d’agrégation et de distribution de taille des particules.
E.3.2.2

Fraction volumique de la suie et cinétique d’agglomération

Comme le montre la Fig. E.7a, les fractions volumiques de suie augmentent dans le temps en raison du
transfert de masse avec la phase gazeuse. L’augmentation de fv est proportionnelle au taux de croissance de
surface et ne semble pas dépendre fortement de la valeur initiale de fv puisque les deux cas correspondant à
u0 = 0.6 montrent une augmentation en pourcentage presque équivalentes dans le temps. Il est important
de noter que négliger la croissance de surface peut conduire à un facteur 10 dans la determination de la
fraction de volume de particules. La Fig. E.7b montre l’effet de la croissance de surface sur l’inverse de
la concentration en nombre d’agrégats 1/N(t) en fonction du temps. Pour tous les cas correspondant à
fv = 0.118 initial, aucune différence significative n’est observée jusqu’à un temps de résidence d’environ
15 ms, ce qui montre bien que la croissance de surface est plus forte au début, elle n’est pas capable de
changer la cinétique des petits agrégats constitués de quelques monomères ou de monomères isolés. De plus,
à court terme, la fraction volumique initiale des particules semble beaucoup plus importante en termes de
cinétique d’agrégation. L’exposant cinétique (z) rapporté pour des temps de séjour plus avancés montre une
dégradation de la cinétique d’agrégation produite par la croissance de surface.
E.3.2.3

Morphologie de suie

La Fig. E.7c montre l’évolution du nombre de coordinence moyen de la population nc en fonction du temps.
Tout d’abord, nous constatons qu’il augmente de façon monotone dans le temps pour atteindre une valeur
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Figure E.7: Fraction volumique de la suie (a), inverse de la concentration du nombre de particules (b), nombre de
coordinance moyenne (c), coefficient de recouvrement moyen (d) en fonction du temps. Nombre de coordinance locale
(e1-e4), et coefficient de recouvrement local (e5-e7).

asymptotique de 2 lorsqu’il n’y a pas de croissance de surface [53]. Cependant, lorsque la croissance de
surface est présente, cette valeur peut augmenter jusqu’à 3 − 8 en fonction du taux de croissance de surface et
de la fraction volumique initiale des particules. La plus grande valeur de nc observée pour le cas u0 = 0.6
(haute fv ) n’est pas liée à la morphologie des particules, elle est plutôt liée à l’amélioration de la cinétique
d’agrégation qui conduit à une augmentation rapide de la taille des agrégats par rapport aux autres cas. Bien
que la coordinences moyennes maximales soient compris entre 2 et 8, les valeurs locales observées sur la
Fig. E.7(e1-e4) peuvent atteindre 16. Cela signifie que la croissance de surface produit une interaction très
complexe entre les monomères et augmente considérablement la compacité des particules primaires.
Enfin, la Fig. E.7d rapporte l’évolution temporelle du coefficient de recouvrement moyen de la
population cov . Ce paramètre est mesuré comme cov = (ri + r j − di j )/(ri + r j ), où ri + r j est la somme des
rayons des particules primaires et di j la distance entre leurs centres. Lorsque les particules ne font que
s’agglomérer, elles sont en point de contact donc di j = ri + r j , et par conséquent cov = 0, cela correspond
au cas u = 0 dans cette figure. Cependant, lorsque deux monomères sont totalement fusionnés, alors
di j = 0 et cov = 1. Comme le temps de résidence des particules augmente, le rayon des particules primaires
augmente, ce qui entraîne une augmentation continue de cov . Cependant, il est moins évident de comprendre
pourquoi une valeur tout à fait asymptotique cov ≈ 0.30 est observée. Cela s’explique par le fait que si
l’agrégation a tendance à diminuer le cov , la croissance de surface rend à augmenter et diminuer le cov au
même temps. En effet, comme les particules primaires croissent, leur recouvrement avec les voisins qui
se touchent augmente ; cependant, de nouvelles intersections entre les monomères appartenant au même
agrégat se produisent, ce qui entraîne également une diminution de cov . De plus, comme on l’observe sur la
Fig. E.7(e5-e7), le coefficient de recouvrement local peut être jusqu’à 2 fois supérieur au cov . Les particules de
suie provenant de flammes de diffusion et des flammes prémélangées présentent généralement un coefficient
de recouvrement (2d determinées à partir des images TEM8 ) entre 0.11 et 0.36, ce qui est en bon accord avec
nos simulations [6, 77].
La Fig. E.8 montre sous forme de symbole la fonction de l’autocorrélation de paires basée sur le
volume A(r) calculée pour des agrégats représentant de chaque cas simulé [53]. Les agrégats de gauche
8 Abbreviation
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Figure E.8: Ajustement de la fonction de corrélation de paires d’agrégats sélectionnés pour chaque condition. Les
symboles correspondent à la fonction de corrélation de paires normalisée d’agrégats présentant une anisotropie
représentative et échantillonnés à la fin des simulations (t = 30 ms). Les agrégats constitués de N p ∈ [100, 105] et de
N p ∈ [430, 450] sont présentés respectivement sur les Fig. a et b. Les lignes continues présentent le total ajusté
A(r) = A pp + Aagg , tandis que les deux composantes A pp et Aagg sont la contribution des particules primaires (lignes en
traitillée/pointillée) et des agrégats (lignes en pointillés), respectivement. Le coefficient d’anisotropie A13 et les
paramètres ajustés (φ et D f,i ) sont indiqués dans les légendes.

correspondent à un nombre de particules primaires compris entre 100 et 105, tandis que ceux de droite
correspondent à 430 − 450. Tous ces agrégats sont échantillonnés à la fin de la simulation (t = 30 ms), et
sélectionnés pour avoir un coefficient d’anisotropie (A13 ) représentatif de l’ensemble des particules du système.
Le A(r) calculé est ajusté sur la base d’une version modifiée du modèle proposé par Yon et al. [53] pour
prendre en compte le recouvrement des particules primaires. Le taux de remplissage9 ajusté (φ), représentant
la compacité locale des agrégats, est indiqué pour chaque cas. Ce paramètre augmente clairement avec la
croissance de surface. De même, la dimension fractale ajustée (D f ) décrivant la structure globale de l’agrégat
est également indiquée pour chaque cas. Lorsque la croissance de surface est présente, des agrégats plus
grands sont nécessaires pour observer une forme auto-similaire de la fonction de corrélation des paires. Ce
paramètre ne dépend pas fortement du niveau de croissance de surface et les valeurs sont en bon accord avec
les mesures TEM [6, 77].
E.3.2.4

Volume et surface de la suie

Une nouvelle méthode d’approximation du volume total et de la surface de la suie évoluant dans le temps est
proposée. L’objectif est de fournir une méthode qui pourrait éventuellement être utilisée dans les simulations
de la formation de suie par bilan de population. Dans ce contexte, les positions et les tailles exactes des
particules primaires ne sont pas des informations disponibles et, par conséquent, le recouvrement des
particules primaires est généralement négligé dans la littérature. Le volume total V et la surface S sont,
π
V = Nv ≈ Nαv N p D3p ,
6

(E.3.10a)

S = N s ≈ Nα s N p πD2p ,

(E.3.10b)

L’équation (E.3.10) est combinée avec des expressions supplémentaires, pour déterminer les facteurs
correctifs de volume αv et de surface α s en fonction du coefficient moyen de recouvrement de la population,
9 Packing

factor en anglais.
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ceci a été mis en œuvre dans le présent travail pour prédire l’évolution temporelle de V et S et les résultats sont
présentés dans la Fig. E.9. Les valeurs calculées sont déterminées sur la base de la bibliothèque SBL [341].
Premièrement, le fait de négliger le recouvrement des particules conduit à une surestimation maximale du
volume total et de la surface des particules de 91 et 218%, respectivement. Ensuite, la méthode proposée
présente une erreur maximale de 0.6% pour le volume total et de 5.75% pour la surface totale, respectivement.
La méthode proposée peut potentiellement être intégrée dans les simulations de bilan de population [148],
Monte Carlo de bilan de population [345], et peut également améliorer les mesures expérimentales du volume
et de la surface des particules basées sur l’analyse d’images TEM [77, 323, 359, 360].

Figure E.9: Approximation du volume total et de la surface totale.

E.3.2.5

Conclusions

L’agrégation et la croissance de surface simultanées des particules de suie dans une flamme prémélangée
d’éthylène conduisent à la formation d’agrégats avec une morphologie complexe. Ceux-ci consistent en des
particules primaires fortement recouvertes avec des valeurs locales allant jusqu’à 60% alors que la moyenne
de la population globale atteint une valeur robuste autour de 30%. De plus, le nombre de coordination local
est en moyenne compris entre 4 et 8, ce qui est respectivement 2 et 4 fois supérieur aux valeurs maximales
atteintes par les agglomérats formés en absence de croissance de surface. Les nombres de coordinance locaux
peuvent cependant atteindre 16. La croissance de surface n’affecte pas fortement la structure globale des
agrégats (dimension fractale), mais elle augmente considérablement la compacité locale telle que quantifiée
par le taux de remplissage. Cela peut expliquer les valeurs elévees du préfacteur fractal des particules de
suie mesurées expérimentalement. Enfin, le fait de négliger la croissance de surface sous-estime la fraction
volumique de la suie d’un facteur de 8 − 10 selon les conditions de la flamme.

E.3.3

Maturité des suies

La dynamique des particules de suie naissantes est très importante pour bien prédire la distribution de taille
des particules de suie et leur morphologie dans les flammes [246]. Cependant, elle représente actuellement un
grand défi. En effet, lorsque les particules de suie évoluent dans les flammes, elles subissent un evolution de
maturité [242], c’est-à-dire un changement de leur composition chimique (déshydrogénation), une augmentation de la masse volumique, et une augmentation de la taille et de la masse due à la fois à l’agrégation et à la
croissance de surface. En effet, les particules de suie naissantes peuvent croître dans le régime d’agrégation
limité par réaction (probabilité d’adhérence  1). Cependant, on ne sait pas actuellement à quelle vitesse se
ferait la transition vers les régimes d’agrégation limités par la diffusion ou balistiques, comme on l’observe
pour les suies matures (probabilité d’adhérence d’environ 1). En outre, l’influence de la maturité sur la
cinétique d’agrégation, la distribution de la taille des particules et la morphologie a reçu peu d’attention dans
la littérature. Ce travail vise à combler cette lacune de connaissance en se concentrant sur des particules de
suie simulées numériquement et formées dans une flamme laminaire prémélangée.
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Simulations

Le code Monte Carlo à éléments discrets appelé MCAC est utilisé. Dans ces simulations, les trajectoires
individuelles des particules sont intégrées dans le temps. Dans cette partie de la thèse, MCAC a été adapté aux
probabilités de collision et de collage non unitaires en considérant trois résultats différents pour les agrégats
en interaction (voir Fig. E.10). Les particules de suie sont modélisées comme de la matière condensée,
c’est-à-dire que leur composition atomique détermine leurs interactions de van der Waals et notamment
leur probabilité de rebond lors d’une collision (q1 ). De plus, la probabilité de collision est considérée
comme dépendant des charges électrostatiques des particules de suie (q2 ). Une flamme prémélangée est
considérée comme cas d’étude. Afin de commencer les simulations à un temps de résidence de t = 3.5 ms,
les taux de croissance de surface de la section précédente ont été linéairement extrapolés. Les simulations
commencent avec une fraction volumique de suie de 0.002 ppm, à une pression constante (1 atm) et une
température de 1700 K. La simulation se termine à un temps de résidence t = 35 ms. Les particules de suie
jeunes ont un C/H=1.1 et ρ p = 1.2 g/cm3 . En revanche, les particules de suie mature ont un C/H=10 et
ρ p = 1.8 g/cm3 .

No collision
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Ekin
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Figure E.10: Résultat détaillé de l’interaction des agrégats de suie (approche énergétique).

E.3.3.2

Cinétique d’agrégation et distribution de la taille de la suie

Comme le montre la Fig. E.11a, le noyau de coagulation monodispersé équivalent augmente dans le temps
en raison de l’agglomération. Les agglomérats ont une surface de collision beaucoup plus grande que leurs
particules primaires, ce qui domine la friction, et ils coagulent donc plus rapidement. Les cas impliquant une
maturité totale et une maturité variable ne révèlent aucun impact important associé à la probabilité de collage
(van der Waals (vdW) et électrostatique). Cependant, la suie naissante montre un impact considérable sur la
fréquence de collision, comme cela est particulièrement évident au début des simulations. Dans ce cas, la
comparaison de vdW avec le cas sans potentiel révèle une diminution du noyau de collision due à l’efficacité
de l’adhérence de van der Waals. Les particules de suie naissantes coagulent plus rapidement que les
particules matures. Ce dernier point s’explique par la masse volumique plus faible, qui fait que les particules
se déplacent plus rapidement et s’agglomèrent donc plus vite. En outre, la Fig. E.11b montre l’évolution de
l’inverse du nombre de concentration de particules où différents exposants cinétiques asymptotiques(z) sont
observés. Une fois encore, les cas matures et les cas où la composition varie présentent un exposant cinétique
similaire. Le plus grand exposant cinétique est observé pour les particules naissantes sous l’efficacité de
collision vdW qui est par conséquent plus rapide que le cas sans potentiels. Ce dernier peut sembler incohérent
mais il s’explique en fait par le changement de régime d’agglomération / écoulement induit par la réduction
de l’efficacité de collision pour le cas sans potentiels au début de la simulation. Un comportement similaire
est observé en comparant les cas mature avec / sans potentiels d’interaction.
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(a) Noyaux de coagulation

E.3. RÉSULTATS

(b) Cinétique d’agglomération

Figure E.11: Noyaux et cinétique de la coagulation des particules de suie avec et sans prise en compte de la maturité.

E.3.3.3

Conclusions

Le diamètre critique pour considérer une probabilité de collage unitaire (d s ) est évalué entre 10 et 12 nm pour
les suies matures et naissantes, respectivement. La dépendance à la composition chimique est donc faible. Ce
résultat est important pour la synthèse de nanomatériaux fabriqués en flamme et aussi pour les simulations de
bilan de population de la formation de suies dans des systèmes industriels. Cependant, dans les conditions
étudiées, la transition suie naissante-mature s’avère être très rapide (quelques millisecondes). Nous concluons
que l’hypothèse d’une probabilité de collage et de collision unitaire (dans les conditions de flamme étudiées)
ne produit pas de grands changements sur la cinétique d’agrégation, la distribution de taille des particules,
et la morphologie. Enfin, nous avons constaté que l’évolution de la masse volumique des particules de suie
liée à leur maturité joue un rôle important dans la cinétique d’agrégation et la distribution de la taille des
particules. Cet aspect devrait être pris en compte dans les futures simulations de la formation de suie dans les
flammes, telles que les simulations par éléments discrets, Monte Carlo ou Bilan de population.

E.3.4

Couplage CFD-MCAC

Il est utile de rappeler que l’un des principaux objectifs de cette thèse est de simuler une évolution réaliste
de la morphologie des particules de suie dans des conditions de flamme. A cette fin, une approche MED de
Monte Carlo (MCAC) est utilisée. Cette approche est couplée à une simulation CFD résolvant les propriétés
d’écoulement de la flamme et les réactions chimiques menant à la formation, la croissance, et l’oxydation de
la suie. Idéalement, cette approche de couplage nécessite une simulation CFD basée sur le suivi lagrangien
des particules de suie dans la flamme comme proposé par Gallen et al. [383]. Cependant, au moment de la
rédaction de cette thèse, ces simulations n’etaient pas achevées. Par conséquent, une approche lagrangienne
de post-traitement basée sur les simulations de CoFlame [148] a été proposée.
E.3.4.1

Simulations CFD de flamme

La flamme de diffusion laminaire d’éthylène cible est générée par un brûleur de Gülder, le même que celui
étudié expérimentalement par Yon et al. [89], où le combustible (éthylène) est injecté dans le tube central
(10.9 mm et 12.7 mm de diamètre interne et externe) à un débit de 0,194 ln/min, et l’oxydant (mélange
d’oxygène à 21% et d’azote à 79%) dans un tube à co-courant de 90 mm de diamètre interne à un débit
de 150 ln/min. Comme mentionné dans l’introduction de ce chapitre, cette approche de couplage nécessite
une simulation CFD basée sur le suivi lagrangien des particules de suie dans la flamme. Cette flamme est
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simulée en utilisant CoFlame [148]. Ce code a été largement utilisé dans la littérature et validé pour étudier
la formation de suie dans des flammes prémélangées [245, 389], et de diffusion [217, 292] sous différentes
compositions de carburant et de gaz. Dans ce code, les équations elliptiques de conservation de la masse, de la
quantité de mouvement, de l’énergie et de la fraction massique des espèces sont résolues. Ces équations sont
résolues en coordonnées cylindriques bidimensionnelles (radiales r et axiales z) en profitant de la configuration
axisymétrique de la flamme. La chimie de la flamme est modélisée en utilisant le mécanisme chimique
développé au centre aérospatial allemand (DLR) [391] avec les modifications proposées par Dworkin et
al. [392]. Un modèle HAP à 5 anneaux (A5) est utilisé pour prédire la nucléation et la condensation des
particules de suie. Le domaine de calcul s’étend jusqu’à 14.342 cm dans la direction axiale, et jusqu’à
2.741 cm dans la direction radiale. Il est divisé en 202 et 92 éléments de volume non régulièrement espacés
dans les directions axiale et radiale, respectivement.

Figure E.12: Vue d’ensemble de la flamme de diffusion simulée par CFD CoFlame, (a) fraction volumique de suie, et (b)
température de la flamme, (c) champ de vitesse de l’écoulement du gaz.

Les Fig. E.12a, b et Fig. E.12c présentent respectivement la fraction volumique de suie, la température
de la flamme et l’amplitude (et lignes de courant) de la vitesse d’écoulement tel qui simules pqr CoFlame.
En comparant avec les résultats expérimentaux disponibles, nous pouvons mettre en évidence la capacité de
CoFlame à prédire la concentration globale des particules de suie et les gradients de température au sein de la
flamme. De plus, les lignes de courant montrent une tendance très similaire à se rapprocher de l’axe central,
ce qui est cohérent avec les expériences [387]. Cependant, la fraction volumique de la suie est toujours
sous-estimé. Ceci est lié aux difficultés de CoFlame à simuler les réactions de surface et la nucléation. La
température de la flamme semble être légèrement sur-estimé, mais montre globalement un bon accord avec
les expériences.

E.3.4.2

Couplage CFD-MCAC

Comme le montre la Fig. E.13, le modèle CFD continu fournit deux types de paramètres d’entrée pour les
simulations MCAC pour une trajectoire lagrangienne des particules dans la flamme donnée. Cela comprend
la condition initiale (distribution de la taille des particules primaires et fraction volumique), et les propriétés
dépendant du temps, notamment la température de la flamme, le taux massique de nucléation et le taux
massique de réactions de surface. La trajectoire lagrangienne est déterminée en post-traitement en résolvant
la 2ème loi de Newton sur la conservation de la quantité de mouvement linéaire pour une particule traceuse
en tenant compte des forces de traînée et de thermophorèse.
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Figure E.13: Stratégie de couplage unidirectionnel CFD-MCAC.

Comme le montre la Fig. E.14a, un total de quatre trajectoires sont sélectionnées, y compris la ligne
centrale, les ailes10 de la flamme (traversant la zone de fraction volumique maximale), et deux trajectoires
intermédiaires. Les propriétés dépendantes du temps, c’est-à-dire la température de la flamme, le taux
massique de nucléation, les taux massique net de réaction de surface de chaque trajectoire sont rapportés
dans la Fig. E.14b, c, et d, respectivement. Ces propriétés sont traitées par MCAC et utilisées pour déterminer
la dynamique des particules, la nucléation et les taux de réaction de surface. Enfin, pour chaque trajectoire
sélectionnée, un total de 10 simulations sont effectués et les résultats présentés dans les sections suivantes
correspondent à la moyenne de ces 10 simulations pour chaque cas. Toutes les simulations commencent
avec un total de 1024 particules primaires. Les particules nucléées sont monodispersées, avec un diamètre
D p = Dc = 5 nm, et une masse mnuc = 1.243 · 10−22 kg. La méthode de réactions individuelles de surface sont
considérées et le volume et la surface des particules sont mis à jour à chaque itération du code en fonction des
corrections apportées au volume et à la surface. A chaque itération temporelle, la température de la flamme,
les taux de nucléation et de réaction de surface sont mis à jour selon les paramètres donnés par les simulations
de CoFlame. Les particules de suie sont considérées comme matures avec une masse volumique 1.9 g/cm3 et
les chargées électrique des suies ne sont pas prises en compte. Cela signifie que les probabilités de collision
et de collage sont supposées unitaires (voir section E.3.3). Les simulations se terminent lorsque toutes les
particules ont disparu du domaine de simulation en raison de leur oxydation totale. Les simulations sont
échantillonnées à partir d’une position axiale minimale z = 10 jusqu’à z = 70 mm avec un espacement de 10
mm entre les points consécutifs. Cela permet une comparaison plus directe avec les mesures expérimentales
disponibles.
E.3.4.3

Résultats du couplage CFD-MCAC

fg ) en bon accord avec les données
Le couplage CoFlame-MCAC conduit à une taille des agrégats de suie (D
disponibles dans la littérature, en particulier pour les positions axiales intermédiaires (z entre 30 et 40 mm).
fg plus faible. Cette divergence peut
Pour des positions axiales plus haut, nos simulations ont prédit un D
s’expliquer par les taux de réaction de surface sous-estimé par CoFlame ainsi que par le faible taux de
croissance de surface effectif simulé dans MCAC en raison de la prise en compte plus réaliste de la surface
disponible de la suie (particules primaires se recouvrent).
Comme le montre la Fig. E.16, ces simulations révèlent des signatures morphologiques très claires
et marquées des agrégats formés près de la ligne centrale et de ceux formés dans les ailes de la flamme
(c’est-à-dire, en passant par la région de fraction volumique maximale). La Fig. E.16a révèle des nombres
10 Appelé
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Figure E.14: Trajectoires lagrangiennes et les paramètres d’entrée pertinents correspondants pour les simulations
MCAC. Les lignes continues correspondent aux valeurs déterminées en tenant compte de la force thermophorétique et les
lignes en pointillés sans la prendre en compte (uniquement indiqué pour la trajectoire intermédiaire 1).

Figure E.15: Comparaison du diamètre de giration moyen d’ordre D f entre les simulations (lignes pointillées avec
symboles) et les expériences (lignes continues).

de cordinance plus grandes d’un facteur 2 pour les ailes par rapport à la ligne centrale de la flamme et
des valeurs aussi élevées que 14 sont observées. En outre, les coefficients de recouvrement atteignent des
valeurs maximales aussi élevées que 50% avec une importance particulière dans la trajectoire lagrangienne
intermédiaire 1. En outre, les valeurs observées le long de la ligne centrale atteignent 30%, ce qui est en
bon accord avec les mesures expérimentales basées sur l’analyse d’image TEM [6, 77]. Ces résultats sont
cohérents avec le préfacteur fractal indiqué dans la Fig. E.16c. Les différences de morphologie entre la ligne
centrale et les ailes de la flamme deviennent moins évidentes lorsque l’on compare la dimension fractale de
la population D f rapportée dans la Fig. E.16d pour Np,eff > 3. Des dimensions fractales plus petites sont
observées près pour la trajectoire intermediaire 1 où des valeurs autour de 1.7 à 1.8 sont observées. Pour les
lignes de courant plus proches de la ligne centrale, des D f plus grands sont observés avec des valeurs autour
de 1.9.
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(a) Nombre de coordinance

(b) Coefficient de recouvrement

(c) Préfacteur fractal

(d) Dimension fractale

Figure E.16: Paramètres morphologiques des agrégats de suie, notamment le nombre moyen de coordinance, le
recouvrement, le préfacteur fractal et la dimension fractale (Np,eff > 3).

La Fig. E.17a montre les points d’échantillonnage dans la flamme selon les 4 trajectoires différentes
en fonction de la fraction volumique de suie. Sur la partie droite de cette figure, quelques images numériques
de microscopie électronique à transmission (nTEM) sont montrées. Ces images nTEM sont obtenues à partir
d’un échantillon de population d’agrégats (choisis au hasard) à chaque position axiale. Toutes les images ont
une taille de 1024 × 1024 pix2 et la même échelle (pix/nm) comme indiqué sur la figure. La couverture de
surface des images est choisie proportionnellement à la fraction volumique locale et varie de 0.05 à 0.20. Les
positions des agrégats dans l’image sont choisies aléatoirement en évitant l’intersection apparent 2d entre les
agrégats. Attention, cela signifie que la distance entre les agrégats dans ces images n’est pas représentative
de la simulation et que la taille de l’image n’est pas liée à la taille de la boîte de simulation. Cette figure a
pour but de montrer qualitativement l’aspect morphologique des particules formées sous différentes histoires
thermiques et de réaction de surface lorsqu’elles sont comparées à une position axiale équivalente, comme
cela est généralement fait lors de l’analyse d’images TEM expérimentales [399–402]. Des particules plus
petites et plus sphériques sont observées le long de la ligne centrale et des trajectoires intermédiaires 1.
A l’inverse, des agrégats beaucoup plus grands et de forme irrégulière sont observés dans les trajectoires
intermédiaires 2 et dans les ailes. Bien que la figure du champ de fraction de volume de suie sur le côté
gauche montre des valeurs inférieures à 1 ppm pour les différentes trajectoires, il est remarquable d’observer
des particules déjà présentes sur les images nTEM. En particulier, pour les trajectoires intermédiaire 2 et des
ailes, certains agrégats peuvent déjà être observés. Ceci est dû au pic de nucléation plus précoce révélé par
les simulations CoFlame. En observant l’évolution du nTEM le long de la même trajectoire, les différentes
étapes de la formation de la suie peuvent être observées, y compris la production de suie pour les z inférieurs,
l’agglomération est observée lorsque l’on se deplace verticalement, dans les dernières images de chaque
trajectoire, une réduction considérable de la taille des particules primaires et des agrégats est observée. Ceci
est dû à l’oxydation et donc à la fragmentation qui en résulte. Enfin, comme il a été précédemment observé
dans les expériences, de grandes particules primaires sont observées en présence de très petites (même au sein
du même agrégat), ce qui dans les simulations actuelles, est attribué au profil de nucléation des monomères
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pour chaque cas. L’observation attentive des agrégats révèle également leur morphologie complexe et le degré
de recouvrement entre les particules primaires et par conséquence la difficulté de leur identification.

E.3.4.4

Conclusions

Le couplage CoFlame-MCAC est réalisé avec succès dans une flamme de diffusion d’éthylène. Un total de 4
trajectoires couvrant la ligne centrale jusqu’aux ailes de la flamme (où les fractions volumiques maximales
de suie sont observées) sont réalisées. La détermination des trajectoires lagrangiennes des particules de
suie présente une importante source d’incertitude dans l’approche actuelle. En particulier, l’inclusion de la
force thermophorétique pour la détermination des trajectoires de suie peut jouer un rôle important comme
le suggère l’approche actuelle. Cette détermination des trajectoires devient particulièrement importante à
proximité des ailes de la flamme. Ceci est dû aux forts gradients de température, et principalement à un pic de
nucléation trouvé près de la sortie du brûleur à l’interface entre les tubes de combustible et d’oxydant. Ceci
suggère que des méthodes de suivi lagrangien plus précises telles que celles réalisées dans [383] devraient
être mises en œuvre pour améliorer la précision de ces simulations.
Les agrégats de suie formés dans les ailes ont une morphologie et une taille significativement
différentes de celles des agrégats formés dans la ligne centrale. Ceci est cohérent avec les observations
expérimentales précédentes d’images TEM dans des flammes de diffusion [399–402]. Les agrégats formés
dans les ailes sont beaucoup plus grands. Cependant, ils présentent la plus grande compacité locale exprimée
par le coefficient de recouvrement des particules primaires et le nombre de coordinance. De plus, les agrégats
formés dans les ailes présentent des coefficients d’anisotropie plus élevés, ce qui devrait s’expliquer par la
plus grande taille des agrégats par rapport à la ligne centrale.

E.4

Conclusions générales et perspectives

• MCAC est un nouveau et puissant code, capable de simuler la formation d’agrégats de suie complexes
dans des conditions de flamme. La cinétique de l’agrégation, la distribution de la taille des particules et
la morphologie détaillée de la suie peuvent être étudiées. Il s’agit d’un code open-source et toutes les
versions sont disponibles sur Gitlab.
• Les résultats ont montré l’importance du changement simultané des régimes d’agrégation et d’écoulement
pour l’agrégation de la suie. Cela est particulièrement impactant au travers de la variation du diamètre
des particules primaires qui affecte considérablement la distribution de la taille des agrégats, la cinétique
de l’agrégation et la morphologie des agrégats.
• La prise en compte de la croissance de surface conduit à une morphologie réaliste des agrégats de
suie. La croissance de surface n’influence pas considérablement la dimension fractale de la suie mais
augmente considérablement la compacité locale des agrégats, comme le montre l’augmentation du taux
de remplissage, du nombre de coordinance et du coefficient de recouvrement.
• L’évolution de la maturité de la suie a un impact modéré sur la cinétique d’agrégation et la distribution
de la taille des particules (et beaucoup moins sur la morphologie). Cet effet est plus important en termes
d’évolution de la masse volumique de la suie qu’en termes probabilités de collision ou de collage.
• Différentes alternatives pour améliorer la modélisation du bilan de population de la formation de suie
dans les flammes sont proposées. Parmi elles, les noyaux de collision sont calculés, des équations
permettant d’estimer le volume et la surface des agrégats de suie complexes constitués de particules
primaires en recouvrement sont proposées.
• L’amélioration de la caractérisation de la suie par l’analyse d’images de microscopie électronique
à transmission peut être obtenue grâce aux méthodes proposées et à la correction des corrélations
morphologiques telles que les lois de puissance reposant sous la surface projetée et les corrélations
volume / surface.
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• Les simulations avec couplage CFD-MCAC sont en bon accord avec les mesures expérimentales
précédentes basées sur l’extinction/émission de la lumière, et les mesures de diffusion de la lumière
sur une flamme de diffusion laminaire d’éthylène [89, 242]. Ces simulations ont permis de mieux
comprendre l’évolution de la morphologie de la suie le long de différentes lignes de courant. L’évolution
morphologique est en bon accord avec les observations expérimentales issues de l’analyse des images
TEM [6, 400].
• La perspective de ce travail de thèse est d’améliorer le couplage des simulations CFD-MCAC en
condensant une approche lagrangienne plus précise comme celle proposée par Gallen et al. [383].
• Les travaux futurs pourraient impliquer la modélisation de flammes plus complexes telles que les
flammes turbulentes présentant un intérêt particulier pour les applications aéronautiques. Les effets
d’inertie des particules, en particulier pour les grands agrégats, pourraient être explorés dans le futur.
La formation de super-agrégats de suie et la transition vers la gélification pourraient être simulées à
l’avenir.
• MCAC est un code polyvalent qui peut être adapté pour simuler le transport d’agglomérats sous l’action
de champs de force exterieurs tels que gravitationnels, électriques, thermophorétiques ou magnétiques.
Il peut trouver de nombreuses applications dans les domaines de la combustion, de la science des
aérosols, et de la technologie des poudres.
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Figure E.17: Images nTEM pour les trajectoires sélectionnées.

