Quantitative characterization of hydrophobic agglomeration at different
mixing intensities using a copula-based probabilistic modeling approach

Niklas Eiermann'*, Orkun Furat!*, Jan Nicklas?, Urs A. Peuker?, Volker Schmidt!

Institute of Stochastics, Ulm University, Helmholtzstrafe 18, 89069 Ulm, Germany
2 Institute of Mechanical Process Engineering and Mineral Processing, Technische Universitit Bergakademie
Freiberg, Agricolastrafie 1, 09599 Freiberg, Germany

Abstract

The agglomeration of small poorly wetted alumina particles in a stirred tank is investigated. For different ex-
perimental conditions, two bivariate probability densities for the area-equivalent diameter and aspect ratio of
primary particles and agglomerates, respectively, are determined, using 2D image data from an inline camera
system. Throughout each experiment, these densities do not change since the geometries of primary particles are
unaffected by the experimental conditions, while large agglomerates fragment into multiple smaller ones, which
results in an equilibrium state regarding the distribution of agglomerate descriptors. Mixtures of these densities
are used to model the contents of the stirred tank at each time step of the experiments. Analytical functions,
whose parameters characterize the agglomeration dynamics, are fitted to the time-dependent weights of these
mixtures. This enables a quantitative comparison of agglomeration processes, highlighting the impact of mixing
intensity on the joint distribution of agglomerate descriptors.

Keywords: Hydrophobic agglomeration, Inline probe, Area-equivalent diameter, Aspect ratio, Bivariate proba-
bility density, Archimedean copula.

1 Introduction

The application case comes from liquid metal filtration, since undesired inclusion particles agglomerate through
turbulent collision, forming larger, multi-component particles that are easier to remove [1]. The increased size of
agglomerated inclusion particles leads to augmented particle deposition at the inner surface of ceramic depth fil-
ters, which are utilized for the cleaning of molten metal from inclusion particles [2]. This enables metallurgists to
optimize steelmaking for cleaner and more durable high-quality products. Since metal melts are opaque and high
temperatures are necessary for maintaining their molten state, it is impractical to study agglomeration processes in
melts. Therefore, aqueous sodium chloride (NaCl) solutions in combination with poorly wetted, i.e., hydrophobic,
particles often serve as a model [3]. In the present paper, we investigate the agglomeration of silanized alumina
particles within a stirring tank filled with 0.75 mol/l NaCl at the isoelectric point of pH 7.3. The silanization of
the solid surface configurates a wetting angle of 134°, which results in a poor wettability of the alumina particles
by the electrolyte solution, similar to the poor wettability of non-metallic inclusion particles by molten metal [4].
Hydrophopic agglomerates are generally larger and more stable than hydrophilic ones, as nanobubbles on the surface
of hydrophobic particles form capillary bridges [2,4,5]. Besides the purification of metals, agglomeration processes
hold significance in the efficient separation of suspensions into liquid and particles [6]. Comprehending agglomer-
ation dynamics involves studying factors such as the turbulent flow field, particle size, wettability, viscosity, and
temperature.

The aim of the present paper is to complement the results which have been achieved in [4] for various agglomeration
experiments, where mixtures of normal distributions have been fitted to single particle descriptors, e.g. the aspect
ratio, of primary particles and agglomerates segmented from 2D image data measured in a stirred tank. More
precisely, the status of agglomeration processes has been investigated at 52 time steps over the course of 47 minutes
long batch agglomeration experiments. Specifically, the parameters of the underlying normal distributions of the
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particle descriptors of primary particles and agglomerates, respectively, as well as the mixing weights, i.e., the time-
dependent number/volume-based fractions of agglomerates (or primary particles) of all particles in the stirred tank,
have been estimated. One of the key observations made in [4] is that the parameters of the normal distributions
remain rather constant throughout the 52 time steps, whereas the mixing weights signi cantly change over time.
This indicates that the descriptors of primary particles as well as agglomerates follow xed distributions, which do
not depend on the current stage of the agglomeration process, whereas the ratio of primary particles to agglomerates
changes along the process.

Building on the results obtained in [4], the present paper extends the probabilistic modeling approach of hydropho-
bic agglomeration based on bivariate data of two-dimensional particle descriptor vectors, simultaneously considering
the area-equivalent diameter and the aspect ratio of primary particles and agglomerates. In particular, instead of
focusing on one-dimensional normal distributions, a large variety of parametric probability distributions [7] is consid-
ered as candidates for the (marginal) distributions of single particle descriptors. Furthermore, the fact is taken into
account that size and shape descriptors of particles can be correlated. For example, in some cases, small particles can
be nearly spherical, whereas large particles are elongated. Thus, in general, the joint (bivariate) probability density
of area-equivalent diameter and aspect ratio is not simply the product of the corresponding marginal densities, but
a more sophisticated construction based on so-called copulas [8] is needed. By means of an iterative approach, we
then t bivariate probability densities f,, and f,y, of area-equivalent diameter and aspect ratio for both primary
particles and agglomerates. Subsequently, these time independent densities are used to determine the fractiong
of agglomerates for each time ste of the agglomeration process. Finally, linear combinations (1 m)f, + mf g4
of f,, and f .44, so-called mixtures, are used to model the contents of the stirred tank at each time step of the
experiments. Note that this mixture only depends on the fractionsm;, whereas the densitiesf ,, and f remain
constant throughout the 52 time steps, which is based on a model assumption justi ed in Section 2.1.

The results obtained in the present paper o er opportunities for the optimization of hydrophobic agglomeration
processes. For example, for given energy inputs of the stirrer, various speci cations of process parameters and feeded
primary particles can be considered in order to determine their impact on the output of the agglomeration process.

In particular, in future research quantitative relationships can be derived which map process parameters and model
parameters of size and shape descriptors of feeded primary particles onto model parameters as well as the fraction of
agglomerates obtained at the end of the agglomeration processes. A key advantage of our approach is that it allows
for the determination of the initial state of agglomeration, which is crucial for characterizing the entire agglomeration
process. By tracking how agglomeration evolves over time, the agglomeration process can be better understood. This
insight into the temporal behavior of agglomeration processes can enable targeted adjustments to process conditions,
such as stirring intensity or reactant concentrations, to achieve desired agglomerate properties. By means of these
relationships, the following inverse problem can be investigated. Namely, for given (desired) model parameters of size
and shape descriptors of agglomerates at the end of agglomeration processes, (optimal) values of feed and process
parameters can be determined which are mapped onto the prede ned model parameters of agglomerates.

The rest of the present paper is organized as follows. First, in Section 2, some preliminaries are given regarding
the hydrophobic agglomeration process considered in this paper, followed by a short explanation of the methods
exploited for the acquisition and processing of image data. In Section 3, the data of one of the experiments (DV1)
are used as an example to explain the copula-based procedure which we apply to parametrically model the bivariate
probability distributions of particle descriptor vectors. The results obtained in this paper are presented in Section 4
and discussed in Section 5. Section 6 concludes.

agg

2 Some preliminaries

2.1 Description of the hydrophobic agglomeration process

This section brie y describes the particle system and experimental setup of the hydrophobic agglomeration process
considered in [4]. Recall that agglomeration is the adherence of particles to each other after collision [9], where a
system of particles can be subdivided into so-called primary particles and agglomerates. Therefore, in the following
the term \particle" is used to refer to either a primary particle or an agglomerate. Note that the mentioned collision

of particles requires not only a minimum level of turbulence within the liquid where the particles are situated but
also a su cient number/volume-based fraction of particles (i.e., number of particles divided by the volume of the
suspension). As agglomeration reaches saturation, the number/volume-based fraction of particles decreases, causing



particles to become too sparsely distributed for further collisions. This results in a minimum number/volume-based
fraction of particles.

A primary particle is a single solid particle, which means that its size and shape do not change throughout
the course of the agglomeration process. An agglomerate, in contrast, is a particle consisting of multiple primary
particles that adhere to each other. Since the members of a set of adhering primary particles can change during an
agglomeration experiment, the size and shape of the agglomerate associated with such a set can also change over time.
However, a single agglomerate's variability in size and shape does not necessarily contradict the assumption (made
in the present paper) that the agglomerates' particle descriptors follow the same probability distribution during
the entire agglomeration process. This assumption is strengthened by the circumstance that besides the growth of
agglomerates, large agglomerates can be redispersed by turbulence into multiple smaller ones, which results in an
equilibrium state regarding the distribution of agglomerate descriptors.

2.1.1 Experimental setup

In [4] the agglomeration of hydrophobic nes in a stirred tank was investigated by inline probe imaging as illustrated
in Figure 1.

Figure 1: Experimental setup of the hydrophobic agglomeration process; taken from [4].

The experimental setup in Figure 1 shows a \feed-suspension”, which consists of silanized alumina particles
and ethanol. The silanization ensures the hydrophobicity of the particles, whereas the ethanol functions as an
organic solvent for dispersing the particles into almost exclusively primary particles. In Figure 2 a scanning electron
microscopy (SEM) image is displayed, which highlights the almost perfectly spherical shapes of the primary particles.
as well as a histogram of the number-based particle size distribution.

Figure 2: SEM image of silanized alumina particles (left), and histogram of the number-based particle size distribution
from inline probe data for primary particles dispersed in pure ethanol (right); taken from [4].

The tank shown in Figure 1 is equipped with four ba es and is, prior to the addition of the \feed-suspension",
solely lled with 3 :5 | of 0:75 mokEl NaCl solution with a pH-value adjusted to the isoelectric point of pH 7:3 for



silanized alumina particles [4]. In the experiments analyzed in the present paper, two di erent stirrer designs, both
with 5 cm diameter, are considered.

The inclined blade (IB) stirrer uses four blades that are inclined by 45 degrees. This stirrer leads to the generation
of an axial ow of the liquid from the top towards the bottom and subsequently recirculates the liquid along the
walls of the tank. In contrast, the use of the Rushton-turbine, which is equipped with six upright blades, leads to
the generation of axial ows from both, below and above the stirrer, and forwards them in radial directions. For
reaching a constant stirrer speed of 450 rpm that is used across all experiments considered in this paper, the Rushton
turbine requires a three times higher power input than the IB stirrer. As a consequence, the ow induced by the
Rushton-turbine results in a three times higher (mass averaged) energy dissipation raté in comparison to the ow
induced by the IB stirrer [10], see Table 1. Note that" is determined by dividing the power input of the stirrer
running at 450 rpm by the mass of the liquid in the tank, which is constant across all considered experiments in
Table 1 that describes the three di erent con gurations of the experiments discussed in this paper.

experiment stirrer W:IEg ultrasound
DV1/DV2 Rushton-turbine 0:3 yes
UDV1/UDV2 Rushton-turbine 0:3 no
IB3 inclined blade (IB) 01 yes

Table 1: Con guration of experiments, where DV2 and UDV2 are repetitions of DV1 and UDV1, respectively.

Speci cally, the considered experiments are denoted by DV1, DV2, UDV1, UDV2 and IB3. Here, DV means
\dispersed version", and UDV stands for \undispersed version", indicating whether ultrasound was applied, i.e.,
whether the sonotrode was running in the dispersion loop, to further disperse the particles contained in the \feed-
suspension” that had already been dispersed to some extent by ethanol. By DV2 and UDV2, repetitions of DV1
and UDV1 are denoted. This means that the ratio of agglomerates to primary particles at the beginning of the
experiments without ultrasonic dispersion of preexisting agglomerates, namely UDV1 and UDV2, should be higher
than for the other experiments listed in Table 1.

2.1.2 Breakage behavior of agglomerates

The energy dissipation rate" mentioned in Section 2.1.1 quanti es the amount of energy that is transferred from the

stirrer to the liquid inside the stirred tank and thus serves as a measure for the energy available for the generation

of turbulence. Therefore, the energy dissipation rate is positively correlated with the number of occurring particle

collisions. Furthermore, the energy dissipation rate" is relevant because of its in uence on the Kolmogorov microscale
of the turbulence, which is given by

= = ; 1)

where is the kinematic viscosity. Particles that are larger than are exposed to greater shear forces that can cause
agglomerates to redisperse into multiple smaller particles [2]. This means that for a larg€l smaller agglomerates can
break due to shear forces. Therefore, represents the approximate maximum size of agglomerates under turbulence.

2.2 Acquisition and processing of image data

In this section we brie y recall the methods used in [4] for the acquisition and processing of image data.

2.2.1 Inline camera system

Primary particles and agglomerates in the stirred tank were captured with the inline camera probe SOPAT PL
(SOPAT GmbH, Germany). The probe's immersible shaft of 12 mm diameter reaches :3 cm into the stirred tank.

A built-in strobe allows for a good illumination of even the smallest particles. At the end of the probe a rhodium
re ector is positioned at a distance of 4mm to the camera lens. The large distance to the lens ensures that the
particles in the stirred tank are sampled representatively. The camera system captures 8-bit grayscale images with a
resolution of 2464 2056 square-shaped pixels, where each pixel has a side length dt@6um. Figure 3 (left) shows



a typical captured image, where segmented particles are outlined in red. Note that pixels that belong to particles
tend to have larger grayscale values than pixels that belong to the background. In addition, Figure 3 (right) shows
the distribution of grayscale values of the pixels in a total of 52,000 images captured for the experiments listed in
Table 1.

Figure 3. Contrast enhanced image (left) captured with SOPAT PL with segmented particles outlined in red,
histogram (right) of grayscale values of the pixels in all images captured for the experiments listed in Table 1.

The following 47 minutes long procedure is performed for each experiment considered in this paper. First, the
suspension is added to the tank with the stirrer already running. After a mixing period of 30 seconds, the image
acquisition starts at time step t = 1. Then, within ten seconds, the camera system captures 200 images. After those
ten seconds and an additional waiting period of 45 seconds, i.e., 55 seconds after 1, time step t = 2 is reached.
For t = 2, the same imaging procedure as fot = 1 is performed. Overall, this procedure is repeated for 52 time
steps, where 200 images are acquired for each time st¢2 T = f1;2;:::;520.

2.2.2 Segmentation algorithm

This section summarizes the image preprocessing and segmentation steps performed in [4], where as a rst step, a
few undesirable e ects occurring in the image data had to be removed. In some images, particles are observed that
deposit directly on the lens of the probe, which appear relatively large. Moreover, these particle depositions may
remain on the lens for multiple frames. Since considering these particles would lead to a non-representative particle
distribution, it is desirable to skip them in the segmentation algorithm. Furthermore, there are particles that appear

to be out of the focal plane. Similar as the depositions on the lens they show rather blurry edges, compare Figure 3
(left).

The initial step of the segmentation algorithm involves applying a bilateral Gaussian Iter [11] to achieve image
smoothing. For each pixel, this Iter computes a convex combination of neighboring pixel values within a prede ned
window. The weights in these convex combinations depend on the distance between the pixels, taking into account
both their spatial positions and grayscale value di erences. The inclusion of grayscale value di erences in the lter
aims to preserve edges.

Even though particles appear to be brighter than the background, binarizing images with a single threshold is not
suitable for reliably segmenting the particles. This is due to signi cantly di erent grayscale values of pixels associated
with particles across di erent areas of the same image which is the result of variations in particle concentration, out-
of-focus particles, and particles being attached to the lens. To address this, a range lter is applied to the image. In
doing so, each pixel of the image is assigned the span of values of all neighboring pixels in a 117 window around
the pixel. Thus, this Iter enhances particle edges while disregarding out-of-focus particles. This aims to distinguish
particles in focus from out-of-focus particles and background. The resulting range- Itered image is then thresholded
by setting pixels below a threshold of 9 to zero, where the pixels of unprocessed 8-bit images have grayscale values
in f0;1;:::;255, see Figure 3. After thresholding, a morphological closing operation [12] aims to remove small
connected components of non-zero pixels with 50 pixels or fewer, where the structuring element has a circular shape
with a diameter of 119 pixels. The remaining connected components of non-zero pixels represent regions of interest
(ROIs) for further processing.
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