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Abstract
Crystallization is one of the key unit operations in the downstream processing of pharmaceuticals and fine chemicals. During crystallization,
particles are formed from solution and grow to a certain size and shape
through complex and highly non-linear processes. These properties heavily influence the following production steps and even the bioavailability
of the final product. Because crystals, especially for those formed from
organic molecules, can appear in numerous different shapes from very
compact to very elongated particles, a single one dimensional description such as could be used for a sphere (i.e. a diameter) is insufficient to
capture this variety. In this work, tools to describe the shape of crystals,
measurement setups to observe the evolution of single particles and ensembles of crystals while altering size and shape and modelling concepts
to provide a mathemathical description of these changes have been developed. In detail, the following objectives have been achieved and are
presented in the following:
• Particle models to describe complex shaped crystals (generic shapes,
facetted crystals, agglomerates)
• Two image analysis based setup to monitor the change in size and
shape of entire populations of crystals from online measurements
• Two custom hot stage microscopy setups to observe changes of
single crystals under highly controlled conditions
• A modelling framework to describe the evolution of a crystal ensemble with respect to size and shape
All of the above mentioned tools have been extensively tested in laboratory experiments to ensure that they provide a robust, accurate, and
reliable platform for following research which will aim at optimizing and
controlling crystal size and shape.
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Zusammenfassung
Kristallisation ist eine der wichtigsten Operationen in der Aufarbeitung von Pharmazeutika und Feinchemikalien. Während eines Kristallisationsprozesses werden Partikel aus einer Lösung geformt, die dann zu
einer bestimmten Grösse und Form heranwachsen können. Die dabei ablaufenden Phänomene sind oft sehr komplex und nicht-linear. Grösse und
Form haben bedeutenden Einfluss auf die nachfolgenden Prozess-schritte
und sogar auf die Bioverfügbarkeit des Endproduktes. Weil die Kristallform, insbesondere für Partikel, die von organischen Molekülen gebildet werden, in einer erheblichen Anzahl verschiedener Formen von sehr
kompakt bis sehr elongiert auftreten kann, ist eine simple Beschreibung,
wie sie etwa für Kugeln ausreichend wäre (Durchmesser), nicht hinreichend, um diese Vielfalt abdecken zu können. In dieser Arbeit werden
Werkzeuge zur Beschreibung von komplexen Partikeln, zur Beobachtung
von Einzelkristallen und Kollektiven von Partikeln, während diese ihre
Grösse und Form verändern und zur Modellierung, um eine mathematische Beschreibung dieser Veränderungen zu ermöglichen, vorgestellt. Im
Detail wurden die folgenden Ziele realisiert:
• Die Entwicklung von Partikelmodellen zur Beschreibung komplexer
Kristalle (generische Formen, facettierte Kristalle, Agglomerate)
• Die Konstruktion eines auf Bildanalyse basierender Messaufbau
zum mitlaufenden Überwachen der Veränderung von Form und
Grösse von Partikelkollektiven
• Die Konstruktion von Mikroskopieaufbauten, um die Veränderung
von Form und Grösse einzelner Kristalle unter strikt kontrollierbaren Bedingungen verfolgen zu können
• Die Entwicklung von Gleichungssystemen zur mathematischen Beschreibung der Evolution von Partikelkollektiven in Bezug auf Grösse
und Form zu verschiedenen Zeitpunkten
Alle Konstruktionen und Modelle wurden umfassend in Laborversuchen
getestet, um sicher zu stellen, dass eine robuste, akkurate und zuverlässige Plattform für folgende Forschungsarbeiten zur Verfügung steht,
mit dem Ziel, Kristallgrösse und -form zu optimieren und zu kontrollieren.
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Chapter 1

Introduction
Solution crystallization is the process during which a compound dissolved
in a solvent is solidified and is typically carried out in a temperature
controlled stirred tank crystallizer. This means that molecules dissolved
in the liquid phase form a new solid phase or are attached to an existing
solid surface. New particles precipitate in a process called nucleation.
The thus formed nuclei, or if present from the start, an ensemble of seed
particles, are subject to a variety of different phenomena that impact the
final particle shape. At the end of the solution crystallization process the
desired solid product is obtained from the crystallizer by filtration.
In the fine chemical and pharmaceutical industries, crystallization is
commonly one of the last production steps before the final product
is pressed into a tablet and packed. It serves two main purposes: to
guarantee product purity and to deliver solid particles in a defined size
and shape. Purity is obtained as in a crystal lattice mostly molecules of
the same species are incorporated whereas solvent or side product molecules from upstream formulation reactions are usually not built in. The
second objective is to produce particles of a specified size and shape.
These are key properties of a particulate solid product as they influence powder density and solid flow properties and therefore affect downstream processes such as filtration, drying, and tabletting (Wibowo et al.,
2001). Furthermore, even the bioavailability can be influenced through
the particle shape (Chow et al., 2008). A brief discussion of the crystallization operation and the driving forces that impact the shape will be
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given, followed by a debate about the measuring and modeling of particle
shape. Next, the concepts explained above will be put into perspective
when applied to different crystallization problems and experiments.

1.1

Crystallization Processes

In solution crystallization, molecules are transferred from an unordered
continuous liquid phase L to a highly ordered solid phase S. The driving
force behind this process is the tendency of the system to reach thermodynamic equilibrium, i.e., the system changes such that thermodynamic
equilibrium with respect to mass transfer is reached. This can be described by considering the chemical potential µ for the substance A (to
be crystallized). In thermodynamic equilibrium, the chemical potential
of the component in the solid phase has to be equal to the potential in
the liquid phase
µSA (T, P ) = µL
A (T, P, x)

(1.1)

The chemical potential is a function of temperature T , pressure P , and
composition x. Note that in the case of crystallization one typically expects to form a pure solid phase so that there is no composition dependency. The potential can be changed by altering the composition of
the continuous phase (e.g., evaporating solvent or selectively removing
solvent via a membrane) or by changing the temperature (e.g., cooling
crystallization). A reasonable approximation for the chemical potential
is to consider the concentration of component A in the liquid phase as
c (often done in grams of component per volume or weight of solvent).
One finds that for a given solvent-substance combination, there exists a
liquid phase concentration c for each temperature T where a solid phase
can co-exist with a liquid phase (whose composition is given by the concentration). This equilibrium concentration is ceq (T ). It is convenient to
define the supersaturation
c
(1.2)
S = eq
c (T )
S larger one means the current liquid phase composition exceeds the
equilibrium concentration and molecules will either form a new solid
phase or attach to an existing solid surface. The first event is called nucleation and is not subject of this study. The second event leads to crystal
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growth. As stated before, molecules in the solid phase in a crystalline
material are arranged in a highly ordered manner (Riedel and Janiak
(2007)). The geometry in which molecules are ordered inside a crystal
is commonly referred to as unit cell. In many cases these unit cells are
not symmetric with respect to the attachment of new molecules (e.g., in
terms of attachment energy), so that growth is inherently non-isotropic.
This leads to the fact that crystals often evolve into a facetted shape,
where each facet i has its own growth speed that can be expressed as a
growth function G such that
Gi = Gi (S, T, . . .)

(1.3)

The growth rate is typically a function of temperature and supersaturation, but can also be dependent on the crystal size or the composition of
the continuous phase. In order to improve the overall shape of crystals,
one can try to influence these growth rates, e.g., via an adapted temperature trajectory or by using additives that will enhance or impede
attachment of molecules to a certain facet.
If one considers crystals in a reactor, i.e., a collective of particles, additional phenomena take place. These can be for example breakage and
attrition, or agglomeration where several particles stick together to form
a larger one. In order to direct the particle shape of an ensemble of
particles into a desirable direction, accurate measuring and modeling
tools are needed to collect the information required to optimize and gain
control over the process that includes all the above mentioned impact
factors.

1.2

Particle Shape and Particle Shape Measurements

If all particles in an ensemble of crystals have the same shape and differ
in size only, a description with one characteristic length, L, is sufficient
to describe the particle size of a single crystal and thus the particle size
distribution (PSD). However, virtually all crystals are more complex and
cannot be described accurately by such a one-dimensional description or for a particle collective, a PSD. Hence, a multidimensional description and multidimensional PSD (nD-PSD) with n characteristic lengths,
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L1 . . . Ln , is required. Characterizing such nD-PSDs has been severely
hampered in the past by the lack of measurement tools designed for this
purpose. If nD-PSD data were available, models to describe the evolution
of particle shape can be developed which may be used to gain insight into
the complex phenomena occuring during crystal growth. This knowledge
may be ultimately used for process optimization and control - moving
towards tailor-made crystals.
A prerequisite for these applications in a general sense are measurement tools that can charcterize product properties and keep track of
the crystallization process. Commonly used offline techniques include
scanning electron microscopy (SEM), X-ray diffraction (XRD), light microscopy, differential scanning calorimetry (DSC), nuclear magnetic resonance measurements (NMR), sieving and other size measurement techniques as well as numerous spectroscopic techniques such as Raman,
IR and UV/VIS spectroscopy. These methods enable the assurance of a
certain product quality, especially in terms of chemical composition and
product purity, after the product has been obtained from the process.
However, crystal shape and size are determined during the crystallization process itself, and therefore continuous monitoring of these characteristics requires the use of online measurement methods to follow single
crystals or entire crystal populations.
Existing techniques that have been developed to track crystallization
processes (Chadha et al. (2006); Barrett et al. (2005)) may be divided
into three major categories: First are spectroscopic tools, which are used
to gain information about the composition of the fluid and solid phases.
Secondly, there are techniques that estimate the PSD by finding a correlation between the corresponding measurement and the actual particle
size. Examples include the focused beam reflectance method (FBRM) or
the fines suspension density sensor (FSDS) (Rohani and Paine (1987)).
Finally, there are several imaging systems that provide direct information about the crystals by photographing them. This photography may
either be performed inside the crystallizer by a process video microscope
(PVM) (Calderon De Anda et al. (2005a)) or outside the reactor by, for
example, external bulk video imaging or microscopy.
Two typical spectroscopic methods to monitor crystallizations are infrared spectroscopy, which provides information about the composition
of the liquid phase (Fevotte (2002); Togkalidou et al. (2001)), and Ra-
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man spectroscopy, which provides information about the solid and liquid
phase compositions simultaneously (Starbuck et al. (2002)). This information is useful for online characterization of the driving force, namely the
supersaturation. However, it contains neither shape nor size information
about the crystals that are being formed in the crystallizer and in particular does not enable measurement of the nD-PSD.
The focused beam reflectance method has gained a strong reputation as
an easy to use tool for qualitatively analyzing the particles in a reactor
in terms of measuring their respective chord length distribution (CLD).
However, it is important to note that this measurement technique suffers from numerous optical problems (Kail et al. (2008)) and is highly
dependent on the shape and orientation of the crystals, as well as on the
optical properties of the crystalline material. For example, Sullivan and
Glennon (2005) use FBRM to monitor the formation of nuclei and the
growth of crystals. As these precipitate in a needle-like shape, the resulting chord length distribution is not directly related to the characteristic
length distribution, which is in this case the length of the needles. FBRM
is therefore commonly used to gather qualitative rather than quantitative information about the actual PSD. It has also proven to be a reliable
instrument for detecting nulceation events (Abu Bakar et al. (2009)).
Imaging systems provide the unique opportunity to directly observe crystals and crystal growth. Systems for monitoring entire particle ensembles
can be again divided into three different groups. Process video microscopes (PVM) are probes that are plugged into the reactor and provide
images from within a point inside the crystallizer. Usually, they provide
their own light source so that particles are observed by light backscattering. The second group consists of external bulk video camera setups.
These are constructions where the crystallization is observed from outside the reactor by means of photographing the content through the reactor wall. Both approaches usually suffer from very low image quality,
which greatly complicates automated image analysis for the measurement of the nD-PSD or extraction of quantitative shape information
(Zhou et al. (2009); Larsen et al. (2006)). Numerous optical effects such
as distortion, overlapping of particles, a limited depth of field, and uneven
illumination make automated processing a very difficult if not impossible
challenge. The main limitation of PVM and external bulk camera systems is their monocular configuration, which only provides a single image
of a given crystal. As a result, it is very difficult to reconstruct the three-
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dimensional geometry of the crystal and hence the nD-PSD (De Anda
et al. (2005)). Identification of crystal shape using PVM tools was studied using the Fourier transformed contour curve and further analysis of
the Fourier descriptors through a neural network (Hundal et al. (1997)).
Calderon De Anda et al. (2005b) have published several papers studying online analysis of crystal morphology from PVM images, and have
concluded that without knowing the rotational orientation of the crystals, there is insufficient information in the 2D images to produce a good
estimate of the nD-PSD. For this reason, demand existed for another
approach to circumvent the aforementioned limitations.
The path chosen at the Separation Processes Laboratory (SPL) was to
focus on an external flow through cell (FTC). The historic development
at the SPL is outlined in Section 3.1.1, finally leading to the construction
of two stereoscopic imaging setups. In this thesis, the next steps in the
development of such online nD-PSD measurement devices are presented as part of the ongoing research on imaging systems which is carried
out in the framework of an SNF funded project called CrystOCAM (optimization, control, and advanced vision monitoring for crystallization
processes). The shortcomings of aforementioned setups are overcome. A
sampling loop is introduced to pump crystals in solution from the reactor tonovel flow through cells where they are photographed and then
fed back into the reactor. New image analysis, particle size and shape
calculation, and population modeling algorithms are introduced.
Until recently, images obtained via the above-mentioned techniques were
interpreted by either using generic particle classes (spheres, cuboids, cylinders, etc.) (Wang et al., 2007; Schorsch et al., 2012) or by assuming
that the morphology (i.e., which facets are exhibited on a crystal) of the
crystals is known and does not change during an experiment (Calderon
De Anda et al., 2005a; Larsen et al., 2007), so that only the relative
importance of the facets changes. However, the morphology of a crystal
evolves during its growth before a “steady state growth morphology” is
obtained (Zhang et al., 2006), which requires more flexible approaches
to extract size information. Such approaches, in which crystals are described as parametric polytopes, have been presented by Borchert and
Sundmacher (2012) and Hours et al. (2013) for monoscopic and stereoscopic setups, respectively.
In this work additionally the approach proposed by Hours et al. (2013) is
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tested (published as Schorsch et al. (submitted)). A protocol on how to
extract facet size information from stereoscopic imaging and the application to the second generation flow through cell has been investigated.
A detail comparison based on the previously mentioned approach using
generic particles is performed and advantages and disadvantages of applying them to simulated images and to a number of different crystal
systems are weighted. The importance of the stereo angle, i.e., the angle
between the two coplanar observation directions, is assessed.
A second pillar of this work is put on the observation of single crystals
rather than monitoring entire crystal populations. To this, two generations of hot stage microscopy setups have been developed (following
ideas found at Lovette et al. (2012). In these designs, one is able to
monitor the evolution of a single particle under highly controlled conditions. Automated particle size estimation algorithms are suggested and
the setups are tested experimentally.

1.3

Structure

This thesis is structured as follows. First, different approaches to model
particles and crystals are developed in Chapter 2. Second, the construction and design of measurement setups will be discussed in Chapter 3.
In particular the sampling loop, the first and second generation flow
through cell, and the two hot stage setups is discussed presented. Image analysis and particle size calculation algorithms are explained in
Chapter 4. Handling of population balance equations is shown in Chapter 5.
Characteristics of these setups and protocols are experimentally assessed
in Chapter 6. Additionally, some specific crystallization problems are investigated in detail for whome the motivation for carrying out measurements is given in the following. Finally, Chapter 7 provides a summary
and an outlook.
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1.4

1.4.1

Application of the Measurement Techniques to Crystallization Problems
Monitoring the solvent induced morphology change
of Ibuprofen crystals

Crystal morphology is known to affect a wide range of physico-chemical
properties such as compaction behavior, flowability and in the case of
pharmaceuticals, bioavailability as stated above. The morphology of Ibuprofen crystals is known to change tremendously when crystallized from different solvents (Cano (2001)). This change of morphology is triggered by
altered growth rates of the different crystal facets present in the Ibuprofen crystal morphology. In an experimental study, one monitored the
evolution of the crystal morphology during cooling crystallization from
different solvent mixtures. Altering the solvent composition allowed to
tune the morphology of the product crystals. An assessment of crystal
morphology is traditionally done using images obtained by electron or
light microscopy. However, the sample treatment and the low number of
crystals observed is an inherent problem of these techniques. Therefore,
these techniques are ill-suited to obtain quantitative information of the
morphology of a large population of crystals. Hence the first generation
flow through cell setup was used to record photographs of a large number of crystals in suspension. The results of these measurements were
multi-dimensional particle size distributions (nD PSDs) that are based
on a statistically significant amount of particles (usually > 30000) that
would otherwise be inaccessible. The results are interpreted and provide
direct access to the impact of the solvent.

1.4.2

Growth Parameter Estimation

As stated in Eq. (1.3), knowledge of growth rates of facets, or if using generic particle descriptions, growth rates with respect to a the
overall particle shape, are important to know in order to gain control
over the particle size obtained from a crystallization operation. For crystals described by a single characteristic length, the estimation of growth
parameters has already been demonstrated for numerous cases (Schöll
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et al., 2007; Cornel et al., 2009a; Codan et al., 2013), whereas, due to
a lack of measurement techniques, only few works have been published
on nD crystal growth. Especially cases considering a whole collective
of particles, in contrast to single crystal experiments, are rare, although
they have the advantage of utilizing information of a large set of particles
at actual process conditions.
In Ochsenbein et al. (2013a), parameter estimation is performed by fitting the output of a multidimensional population balance equation (nD
PBE) to experimental nD PSD and concentration data. The model is implemented via a high resolution algorithm and the procedure is applied
to a number of seeded desupersaturation experiments. By comparing
the seed and product distributions, a prominent broadening of the PSD
can be observed, which cannot be attributed solely to effects such as
breakage and agglomeration. Hence, a size dependent growth mechanism is proposed and its parameters are subsequently estimated. Results
are compared to the single crystal measurements conducted by Kitamura
and Ishizu (2000) and to another image analysis based work for the same
substance published by Ma and Wang (2012).
The second generation flow through cell has been used for this study
(Section 3.1.3.2). Second, the particle models that have been used to
represent β L-glutamic acid needles and the morphological population
balance equation model are presented in Section 2.1.1 and Section 5.2.
Finally, results are given in Section 6.4.2.

1.4.3

Investigating Agglomeration

If crystallization experiments are carried out at high suspension density and supersaturation, agglomeration can occur. In this case, single
particles meet each other in a supersaturated solution and upon contact,
will grow a bridge. If the contact time is too short and forces applied
to this bridge are too large, both particles will separate again. However
if the bridge is sufficiently strong, both particles will eventually grow
together forming a new larger particle. It is obvious from the description of this mechanism that this phenomenon might have a tremendeous
impact on the overall PSD (Lindenberg et al., 2008). Typically one tries
to minimize this effect because often solvent is incorporated into the agglomerate structure which is difficult to remove in the following steps

9

(Mullin, 2001). However, sometimes agglomeration is used to alter the
average particle shape towards more compact particles (Mullin, 2001).
In order to quantify agglomeration in a crystallization experiment, measurement data is needed. In the past this was often performed indirectly,
for example via studying the deformation of a PSD. Lindenberg et al.
(2008) compared the expected PSD if particles were exclusively subject
to growth with the obtained PSD information and used the difference
between these two to estimate the effect of agglomeration. In other studies images of agglomerates have been investigated to calculate a degree
of agglomeration (Faria et al., 2003). In the case of β L-glutamic acid
agglomeration can be visually accessed as the primary particles (needles)
differ vastly from agglomerates. In this thesis, a novel way of measuring
the degree of agglomeration and a volume-based distribution of agglomerates, in parallel with capturing the morphological particle size distribution of primary, needle-like crystals, is presented in Section 4.1.3. A
suggestion is made on how to model agglomeration specifically if morphological PSD data is available (Section 5.3). Experimental data of the
agglomeration of β-L-glutamic acid, whose growth kinetics were previously studied (Ochsenbein et al., 2013a; Ma and Wang, 2012; Kitamura
and Ishizu, 2000) under different operating conditions is shown in Section 6.5.

1.4.4

Measuring Particle Abrasion

In laboratory research, the focus is often put on phenomena such as
nucleation, growth, and agglomeration whereas in a real production environment attrition has to be accounted as an important mechanism as
well. If attrition occurs, small particles are generated at the expense
of larger ones which thus undergo a change of shape due to abrasion.
Those small particles can play a central role during crystallization as
they may be the source of secondary nucleation (Meadhra et al., 1996).
Both effects, i.e., the shape change of initial particles and the generation
of a second population of small particles, contribute to a drastic impact
on the final particle size distribution and hence influence further downstream processes (Wibowo et al., 2001) as well as product characteristics
itself (Chow et al., 2008).
It follows that attrition must be accounted for when developing models
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for the scale up of crystallizers (Westhoff and Kramer, 2012; Hounslow
et al., 2005). Briesen (2009) and Shoji and Takiyama (2012) presented
multidimensional population balance equations that included attrition
phenomena characterized by an attrition kernel (Gahn and Mersmann,
1997, 1999a,b; Reeves and Hill, 2012; Mueansichai et al., 2013). Theoretical models for predicting the attrition rate have been proposed by
Briesen (2007) and Ghadiri and Zhang (2002). In order to improve these
existing models, in principle, any new laboratory experiment can focus
on monitoring the small particles produced through attrition (daughter particles) (Hamilton et al., 2012) or the change of shape and size of
mother particles during the occurence of attrition because they determine the parameters that define the process, e.g., through the influence
of the the impact energy in particle collisions (Gahn et al., 1996). Additionally, mother particles often carry the majority of the product mass
so that they are important contributors to the final product properties.
If one is interested in particle shape, imaging techniques are an interesting and promising option as they allow to track the change in size and
shape of particles in suspension that is not accessible by other measurement techniques. The second generation flow through cell setup (Section 3.1.3.2) can be used to provide image data and process insight. For
attrition, a new particle characteristic arises which is not captured by
neither the generic particles (Section 2.1.1) nor facetted models (Section 2.2.1). Particles evolve into a rounder shape which is one of the key
features of the attrition process. In order to account for this behavior in
a process model, a new particle representation has been developed that
is based on the Minkowski addition of spheres to convex polytopes and
is presented Section 2.2.2. Experimental results from a proof of concept
study conducted using potash alumn crystals are given in Section 6.3.
This project has been published as Reinhold et al. (2014).

1.4.5

Verifying Growth Rate Disperion by Single Crystal Measurements

The prominent broadening effect observed in Section 6.4.2 led to the
question of the origin of this behavior. While it was possible to account
for this in a two dimensional population balance equation model by fitting the width of the distribution and providing an additional degree
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of freedom into the growth rate expression (considering the length as a
variable), the underlying mechanism could not be ultimately identified.
Literature provides different explanations for similar obsverations. An
apparent size dependent growth due to a size dependent solubility (Ostwald ripening (Dai et al., 2009; Garside and Jancic, 1976)) is excluded
from considerations as our particles are in a size range in which this influence is negligible. Breakage, secondary nucleation, and agglomeration
have been excluded as well as no evidence could be found in the recorded
images. Reports in literature list two principal groups of effects that can
lead to the observation of a PSD widening, i.e., growth rate dispersion
and size dependent growth. By simply considering a population of crystals, these are not distinguishable (Wierzbowska et al., 2008; Kile and
Eberl, 2003; Mitrovic et al., 2002; Eberl et al., 1998; Rojkowski, 1993).
Purely size dependent growth means that there is a function G = G(L)
that relates growth rates for each crystal facet to the current particle
size. Examples can be found in literature (Meadhra et al., 1995; Rojkowski, 1993). Different reasons have been proposed in the past such as
size dependent growth due to the proportionality of surface integration
kinetics to particle size (Garside and Jancic, 1978), due to the distribution of lattice defects that scale with particle size (Joshi and Paul,
1974; Morris et al., 1968; Natalina and Reivuse, 1974), due to the size
dependency of mass transfer in a strirred medium (Garside and Jancic,
1976), or due to the proportionality of collision mechanisms in a stirred
medium (Garside and Jancic, 1976).
Growth rate dispersion models such as given by Kile and Eberl (2003);
Tanneberger et al. (1996); Ulrich (1989); Rojkowski (1993) mean that
similar crystals of identical shape and size will grow differently, i.e., the
growth rate is dispersed. This is attributed to effects that appear as
random when considering populations of particles such as crystal defects/healing that results for example from the treatement of the seeds (e.g.,
sieving), inhomogeneous conditions in the reactor, or due to collisions in
the reactor whose frequency is mostly independent of the crystal size.
We have tried to identify the mechanism behind the broadening by monitoring the evolution of crystal size in a custom built hot stage crystallizer
which is explained in Section 3.2.1. The setup was first tested by monitoring sodium chloride crystals (Section 6.7). The image analysis procedure
is shown in Section 4.4 and results are presented in Section 6.8.
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Chapter 2

Particle Models

2.1
2.1.1

Generic Particle Models
Spheres, Cylinders, and Cuboids

This section has been previously shown in Schorsch et al. (2012). In order to extract volumetric information from recorded images, a definition
of the particle shape of interest is needed. Hence a tradeoff is sought
between a very accurate description of the particle shape, where characteristic lengths are assigned to every crystal facet, and model objects
with simpler geometric features. The former group of model particles
is known as morphological models (Zhang et al., 2006; Borchert et al.,
2009; Wang et al., 2008). While this group describes the physical reality,
i.e., real crystal facets, they are difficult to handle due to the appearance and disappearance of crystal facets during growth or dissolution.
In addition, detailed information from images is required to extract size
information for these particle descriptions, which may not be available
due to limited resolution and magnification. The latter group compromises accuracy with feasibility of measurement and image analysis. For
the first and second generation flow through cell setups, we approximate
crystals using the following three shape classes: spheres (1D, the diameter
is the single characteristic length), needles (2D, cylinders characterized
by length and thickness) and cuboids (3D: length, width, and height).
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These three shapes describe the majority of crystal shapes reasonably
well. For example crystals of L-glutamic acid (α and β polymorphs),
of acetylsalicylic acid and of paracetamol measured in Schorsch et al.
(2012) belong rather naturally to the needle (β L-glutamic acid and
acetylsalicylic acid) and cuboid (α L-glutamic acid and paracetamol)
classes. The model particles and their characteristic lenghts are shown
in Figure 2.1a. In Figure 2.1b example projections for particles of the
three model classes, i.e. glass beads, L-glutamic acid β crystals, and a
paracetamol prism, are shown.
Both particle classification and particle size determination are closely
related to the features of the model particle and have to be developed
for every model shape separately which is explained in Section 4.1.2 and
Section 4.1.4.1 respectively.
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Figure 2.1: The three classes of generic model particles: sphere, needle and cuboid. (a) model particles,
(b) exemples of particles identified in images (left: glass beads, middle: L-glutamic acid β crystal, right:
paracetamol crystal).
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2.1.2

Agglomerates

In comparison to single particles, agglomerates consist of at least two
single particles. Due to the fact that already these single crystals can
take on innumerable different shapes, the outcome for agglomerates is yet
more diverse. It was thus decided that a one dimensional representation
in terms of an equivalent volume sphere diameter has to be chosen as
there is currently no possibility to account for the vast variety of shapes
in a satisfactory way.

2.2
2.2.1

Facetted Particle Models
Polytope Representation & Morphology Maps

It is widely known that crystals grow faceted. The growth behavior of
single facets defines the overall morphology of a crystal. The morphology
of single particles heavily influences the solid bulk properties which are
key factors for downstream process operations during production. Hence,
there is interest to monitor crystal facets during growth in situ for later
use in understanding and modeling of the impact of different process
parameters. For this, specifically the observation of facet growth of a
statistical significant number of particles in a process is desirable.
However, monitoring crystal growth in terms of identifying single facets is not an easy task. If enough time to prepare samples is allowed,
scanning transmission electron microscopy and atomic force microscopy
(Bonzel, 2003) or scanning electron microscopy (Myshkin et al., 1992)
may be used to obtain high detail information. Borchert and Sundmacher
(2012) point out that also tomography can be a source of high detail 3D
information. Imaging systems are a promising option that provide faster
data acquisition. Recently, several researchers have developed concepts
and have shown that optical microscopy or video techniques coupled with
image analysis can be used to obtain useful crystal shape information.
Ramkrishna and co-workers have demonstrated that confocal microscopy
images can be used on fluorescent coated crystals to recalculate a three
dimensional particle model and extract facet data (Singh et al., 2012).
Another ex situ image analysis approach has been published by (Bujak
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and Bottlinger (2008)) who use stereoscopic photography to obtain high
detail particle surface data of previously dried particles.
The in situ imaging techniques based on the flow through cell have been
based on generic particle models. In the work which was published as
Schorsch et al. (submitted), one proposes a polytope based particle model
for faceted crystals and an image analysis protocol that allows to recalculate the three dimensional shape of a crystal in terms of its facet
distance representation from two projections photographed in the previously mentioned flow through cell.
The reconstruction problem can be formulated as an optimization problem to recalculate a three dimensional polytope from two two-dimensional
projections. The method does require crystallographic data that is namely
unit cell parameters and a list of facets that one may expect in an experiment. Disappearance of facets due to growth can be described. The
approach is valid for convex shaped particles.
Faceted crystals can be represented by polytopes that can be described
requiring only the crystal structure (unit cell parameters and symmetry,
(Riedel and Janiak, 2007)) and a list of m experimentally observed facets. Normal vectors ai are calculated for every facet i based on its Miller
index. Due to the symmetry of the underlying crystal structure some of
the m facets are chemically equivalent, so that they can be grouped into
p independent facet groups. This set of normal vectors and constraints
can be used to define an inequality which separates the space into two domains; one being a closed body representing the crystal which is bounded
by planes defined by the normal vectors ai and their normal distance to
the origin, while the second domain is the remaining space around the
particle. Therefore, this definition can be expressed as a polytope C in
half space notation:

C(R, t) = x ∈ R3 | ART x ≤ Mt

(2.1)

where t ∈ Rp is a scaling parameter representing the crystal size for all p
independent growth directions as the distance of the bounding plane to
the origin, R ∈ SO3 (R) is a rotation matrix, A ∈ Rm×3 is the matrix that
contains the normal vectors ai and M is a matrix that groups the facets
into p independent facet ensembles. A and M are reported in Tables 6.7
to 6.12 for the crystals systems investigated in this work. An example
of a crystal polytope can be found in Figure 2.2 where a model of an
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acetaminophen crystal is shown for which the facet families {201} (blue),
{110} (red), and {001} (yellow) are included.
One can then easily extract two projections, P1 (R, t) and P2 (R, t), of the
polytope C as it is seen from the previously defined coplanar observation
directions. As an example we report the polytope and its two projections
for an acetaminophen crystal in Figure 2.2.
Depending on the scaling vector t not all of the m facets might be visible, so that domains of t with a common set of constituting facets and
edges can be identified, which can be accomplished using the analytical expressions reported by Borchert and Sundmacher (2013) and Singh
and Ramkrishna (2013). An example of such a morphology map is given
in Figure 2.3 for the case of acetaminophen. Differently shaded regions
represent domains with common facets being present, while black lines
separate regions with common edges within such a facet domain. One
can thus identify five different crystal morphologies for which exemplary
polytopes are reported in the first column of Figure 2.4.
In order to compare the results obtained with the polytope representation to the particle sizing technique as demonstrated in previous works,
three shape classes, that had been introduced in Schorsch et al. (2012,
2014) and Section 2.1.1, will be used, i.e., a sphere with its diameter as
its only characteristic length, a cylinder with diameter and length as its
two characteristic lengths, and a cuboid with length, width, and depth
as its three characteristic lengths.
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Figure 2.2: Projections, fitted contours, and 3D representation of a polytope of a simulated acetaminophen crystal. Projections: dark grey areas,
boundary contours: dashed red lines, reconstructed polytope: red, blue,
and yellow body.
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Figure 2.3: Morphology map for acetaminophen. Different grey values
indicate morphology domains with a common set of constituting facets.
Within the white area, two black lines separate regions of different sets
of characteristic edges. Example polytopes, indicated as a)-e), are shown
in Figure 6.46.
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Figure 2.4: Sample polytopes of all five morphology regions of Acetaminophen corresponding to the regions in Figure 2.3 and the scaling
vectors used to construct these. The {110} family is drawn in red, {001}
in yellow and {201} in blue.
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2.2.2

Minkowski Addition Models for Rounded Particles

As stated in the introduction, when monitoring attrition processes a new
particle characteristic arises which is not captured by any of the models
presented above. Particles evolve into a rounder shape which is one of
the key features of attrition.
The geometric shape of faceted crystals can be modeled as shown in
the previous section using convex polytopes (Section 2.2.1). To model
the rounded shape of abraded crystals, one can take on an operation
performed on sets of vectors that is called Minkowski addition (Reinhold
and Briesen, 2012). The Minkowski addition of two sets S1 and S2 is
defined by (Schneider, 2008) and is illustrated in Figure 2.5:
S = S1 + S2 = {x1 + x2 | x1 ∈ S1 , x2 ∈ S2 } .

(2.2)

In the scope of this work, only a crystal shape C according to Eq. (2.1)
and a solid sphere of a certain radius are added. One can morph the so
modelled particle shape seamless between a perfect sphere and a strictly
facetted crystal. The resulting shape is thus defined as:
C(hk , λr ) = C(hk ) + λr B.

(2.3)

where C(hk ) is the underlying polytope and λr B is a solid sphere of
radius λr . Crystals with sharp edges are obtained for λr = 0 (top left in
figure Figure 2.6) and a sphere is obtained for hk = 0 (bottom right in
figure Figure 2.6).
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S
Figure 2.5: Explanation of the Minkowkski Addition between a rectangular polytope S1 with facets at the distance of h1 and h2 and a sphere
S2 with radius λr .

Figure 2.6: Continuous transistion of a crystal C(hk , λr ) with hk = 1
with sharp edges (left, λr = 0hk ) to a sphere (right λr = 1hk ). Values
in the middle are λr = 0.4hk and λr = 0.8hk .
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Chapter 3

Design of Measurement Systems

3.1
3.1.1

Measuring Particle Ensembles
Historic Development of Imaging Systems in
the Separation Processes Laboratory

As mentioned in the introduction chapter, demand existed for an online
measurement system to assess the potential impact of process conditions
on particle shape. As no commercial devices that could fulfill the specific
requirements have been available, the development of an inhouse solution
within the SPL was initiated. As it was pointed out, imaging systems are
a promising technology to obtain meaningful data. The concept which
was selected at the SPL was the use of an external flow through cell.
The combination of the availability of excellent optics and control over
illumination was believed to lead to superior image quality including
the absence of distortions and depth of field limitations. A schematic
drawing is shown in Figure 3.1.
The earliest implementaion was manufactured from a plastic box, however it was found that scratches in the plastic surface prevent the aquisition of undisturbed images as presented in Figures 3.2 and 3.3. The next
development step was based on an assembly of stainless steel and sapphire glass windows (Figures 3.4 and 3.5). Within this planar imaging
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cell, particles are randomly oriented in a turbulent flow. In 2008, within
the SPL a measurement model accounting for the different particle orientations using a Monte Carlo technique was introduced (Kempkes et al.
(2008)). While highly efficient in principle, this technique required a large
number of measurements to identify the actual nD-PSD. One then developed an ex situ suspension imaging setup based on a flow through cell
(FTC) with sapphire windows capable of characterizing 2D PSDs from
the images thus obtained (Eggers et al. (2009)). The possibility of adjusting the suspension density and the superior image quality of this setup
were important improvements compared to the available in situ imaging
devices. The images were processed with an automated image analysis
routine (Eggers et al. (2008); Kempkes et al. (2008)) thus yielding a
2D measurement called Axis Length Distribution (ALD) from which the
2D PSDs could be reconstructed (Eggers et al. (2009)). The technique
has been proven to work well for real crystals by applying them to the
cooling crystallization of paracetamol (Kempkes et al. (2010a)) and of
ascorbic acid (Eggers et al. (2009)), both in water.
Correcting for the rotational dependence of the particle projections can
be simplified by obtaining stereoscopic information, i.e., two images of
the same particle from different angles. In situ stereoscopic imaging
setups have been proposed by Wang et al. (2008), but no successful
implementation has been shown to date. In Malvern Instruments commercial flow-through system Sysmex (Malvern Instruments, 2010), this
issue is addressed by forcing a shear flow to orientate the particles. Unfortunately, information about the third dimension is thus lost, since all
of the particles are imaged from the same side. Notwithstanding these issues, planar imaging systems provide a wealth of information, especially
about crystal shape, that is not accessible online through other means
(Li et al. (2008); Wang et al. (2008)).
The SPL tackled the challenge by expanding the 2D monoscopic, ex situ
measurement setup to obtain stereoscopic images from orthogonal directions and by extending the image analysis algorithm to yield quantitative
3D PSDs (Kempkes et al. (2010b), Section 3.1.3.1). Two shortcomings of
this technique could be identified. First, the particles to be analyzed in
the flow cell had to be permanently withdrawn from the crystallizer, since
they had to be quenched in order to adjust the suspension density and to
stop crystal growth; therefore, the technique was invasive. Secondly, the
reconstruction of the PSD was only possible with a sufficiently smooth
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ALD, thus limiting significantly the time resolution of the technique.
In order to overcome these limitations ultimately a sampling loop and a
second generation stereoscopic imaging setup (Section 3.1.3.2) have been
developed.
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flow of suspension

Figure 3.1: Planar imaging concept.
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Figure 3.2: Plexiglas based planar imaging prototype.
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Figure 3.3: Details of the flow inlet of the plexiglas based planar imaging
prototype as shown in Figure 3.2.

Figure 3.4: Planar imaging flow through cell.
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Figure 3.5: Details of the planar imaging flow through cell as shown in
Figure 3.4.
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3.1.2

Sampling Loop Design

The sampling loop design has been previously published in Schorsch
et al. (2012). Crystallization experiments have been performed in a 2 L
temperature controlled stirred glass reactor, which is described in detail elsewhere (Kempkes et al., 2010a). In order to follow the evolution
of crystal size and shape online, the measurement system is connected
to the crystallizer as shown in Figure 3.6. A part of the suspension is
pumped from the reactor via the tubing 1 to a sapphire glass cell where
pictures are taken, and is thereafter fed back into the reactor via tubing
3. During a crystallization process the suspension density may increase
and images might become crowded, with particles overlapping and masking each other. To overcome this, a dilution system is used that is able
to control the suspension density in the cell. Particle free mother liquor
is withdrawn from the reactor into tubing 2a or 2b through proper filters. In order to prevent possible blocking of these filters, there is the
possibility to alternate the flow direction periodically between lines 2a
and 2b. The ratio between mother liquor and suspension streams can be
controlled via a mass flow controller, which is installed in front of the
mixing point A. The necessary dilution is determined by analyzing the
images themselves. Pictures consist of 8-bit gray-scale pixels where 255
and 0 represent a white and a black pixel, respectively. Two images of
glass beads suspensions are shown in Figure 3.7, where also their average
brightness is indicated, namely a high density suspension in Figure 3.7a
(with average brightness 226 out of 255, corresponding to white) and the
same after dilution in Figure 3.7b (245 average brightness). This example
shows that brightness has to be kept at a rather high value in order to
minimize particle overlapping. Note that for most experiments shown in
this thesis, the dilution system was not employed as it was possible to
set process conditions which allowed to circumvent the nessecity to control the suspension density which allowed to avoid problems that could
arise in the dilution system due to pumping a supersaturated solution,
i.e. crust formation leading to blocked valves.
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Figure 3.6: Scheme of the measurement setup. TIC: Temperature indicator and controller, 1: Suspension tube, 2a/b: Dilution tubes, 3: Backflow
tube, MFC: Mass flow controller.
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(a) undiluted suspension

(b) diluted suspension

Figure 3.7: Example pictures of glass beads pumped through the flow
through cell without and with the dilution system turned on. The mean
image brightness is obtained by averaging the grey value, that is an
integer value between 0 (black) and 255 (white) over the whole image.
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3.1.3

Stereoscopic Imaging System Design

3.1.3.1

First Generation Flow Through Cell

Figure 3.8 shows a scheme of the first generation stereoscopic flow through
cell and Figure 3.9 a photograph of the actual cell, which has been described in detail elsewhere (Kempkes et al., 2010c). This section has been
published in Schorsch et al. (2012). A high intensity LX7865 xenon-flash
(Hamamatsu Photonics, Hamamatsu, Japan) is used to illuminate the
suspension. The transmission image gives the planar view of the particles
in suspension flowing through the cell, while the reflection image provides
the lateral view. Since the recorded pictures shall be analyzed in realtime, the development of the image analysis software has focused on
performance and parallelization. In this case, parallel processing of images by different CPUs is possible since each image is fully decoupled
from the others. The setup allows sampling at a rate of 10 Hz. As the
analysis of an image takes about one second on a 2.4 GHz CPU, we use a
twelve core server with 16 GB of RAM and high-speed SAS hard disks.
The conceptual aspects of the image analysis algorithm have already
been described previously (Kempkes et al., 2010c). The output of the
software is a matching pair of objects in the lateral and planar projections. Coordinates of every pixel of every object for the lateral (x and z
coordinates) and planar (y and z) projections are forwared.
Notwithstanding the admirable performance of this setup, we aimed to
further improve this technique to permit continuous, real-time monitoring of crystallization processes for a wider range of particle sizes, solvents
and temperatures. A second generation stereoscopic imaging setup with
improved design, particle flow pattern, and optics has thus been developed and enhancements to the image analysis routines used to extract particle size and shape data from the acquired images have been
implemented in a second generation imaging setup and flow through cell.
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Figure 3.8: Schematic drawing of the flow through cell. The light from
the xenon flash passes straight through the cell (blue ray) or is reflected
off the mirror (green ray), such that it passes through the cell perpendicular to the blue ray. The resulting image simultaneously shows two
projections of the same particle taken from perpendicular directions.
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Figure 3.9: Orthogonal imaging setup with mirrors.
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3.1.3.2

Second Generation Flow Through Cell

Parts of this section have been previously reported in Schorsch et al.
(2014). The setup as described in Schorsch et al. (2012) was proven to
be capable of measuring nD PSD data for different applications, showing
that external flow through cells are a promising way to implement multidimensional particle size measurements. However, the need to improve
the old setup to perform continuous measurements in a more robust
manner for a broader range of process conditions arose. Requirements
for the new design included chemical stability in the presence of organic
solvents, a flow pattern in the cell that provides random particle orientation without the risk of causing a blockage of the sampling loop, a
larger cross section of the measurement channel, improved optics with
higher resolution, a larger field of view, and a homogenous illumination
of the image. The existing sampling loop (though without using the dilution system for experiments presented in Schorsch et al. (2012)) and the
previously reported 2 L crystallizer (Kempkes et al., 2010a) have been
used.
A conceptual drawing of the new setup is presented in Figure 3.10. The
two mirrors that used to guide the second light beam in an orthogonal
direction through the cell have been replaced by a second flash lamp and
a second camera. The central element of the new setup is the flow through
cell itself, whose improvements are detailed in the following. A technical
drawing is given in Figure 3.11. Four sapphire glass windows, two with a
rectangular and two with a T-shaped cross section, are glued together so
as the glued surface is not exposed to the solvent stream resulting in a
square channel of 2 × 2 mm. The glass is held by two brass blocks. The
seamless transition between piping of a circular cross section with an
inner diameter of 4 mm and the square profile of the channel is realized
in flanges that connect via Teflon sealings to the brass holders. Six screws
on each flange guarantee an even distribution of the contact pressure to
safely seal the flange connection. The glass itself is strain-released by
four spacers that assure a fixed minimal distance between the lower and
upper holding block. Additionally, the temperature of both brass holders
is controlled. The piping itself is insulated.
All optical components are mounted on an optical rail system allowing
for high precision adjustments. Illumination of the channel is provided
by two high intensity Hamamatsu LX7865 xenon-flash lamps. Flash light

37

is collimated using a 50 mm lens in front of each lamp. The decay time
of the flashes is very short (< 10 ns) such that motion blur is negligible.
Images are recorded by two Allied Vision Technologies Pike F505B cameras that provide a 5 megapixel 8 bit grey scale resolution each and
are equipped with 300 mm telecentric lenses. This combination of optics
and cameras results in a resolution of 1.15 µm/pixel in our images. The
optical pathway is explained in Figure 3.12. In order to guarantee the
simultaneous acquisition of both images, an external trigger box (Gardasoft cc230) was installed that triggers the cameras and flash lamps at
a rate of 5 Hz. Figure 3.13(a) shows a detailed photograph of the glass
cell and the brass holder while the overall construction is shown in Figure 3.13(b). A typical setup is shown in Figure 3.14. Image acquisition
is controlled via libdc1394 and a modified version of the open source
software Coriander (Douxchamps, 2010). The wiring setup is shown in
Figure 3.15. A common 230 V AC supply is fed into two AC/DC converters. The low voltage low power converter feeds the trigger box (which
can be controlled via TCP/IP) and the trigger TTL signal that fires
cameras and flash lamps on a rise from low to high. The high power medium voltage converter is feeding the two power control boxes of the two
flash lamps. The flash intensity can be regulated using a potentiometer
for each camera independentely. These controllers are soldered directly
onto the control circuit boards of the power control boxes. Two capacitor boxes provide power for the output of the ≈ 700 V pulse at several
amperes. In order to cool the flash lamps a fan is energized by the same
24 V power source.
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Figure 3.10: Schematic drawing of the flow through cell. The light from
the two xenon flashes passes straight through the cell from two orthogonal directions (blue and green rays). The particle in the cell is photographed by two cameras at the same time that are mounted perpendicular to each other as well. Vertices of particles in the cell can be
assigned to Cartesian coordinates (x, y, z) whose meaning is indicated
by the three arrows labeled with x, y and z, i.e., the particle projection
recorded by camera 1 holds information on (x, z) data whereas camera
2 records (y, z) data. It is important to point out that in this way z
coordinates of the same vertex are identical in both projections.
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Figure 3.11: Technical drawing of the new cell. left: 3D model, center: lateral view, right: sectional view A-A
along the center axis as indicated, bottom: enlarged sectional view of the glass channel with indication (red)
of the four bonding sites. Size measures are in millimeter.
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Figure 3.12: Schematic drawing of the optical pathway. Two flash lamps
provide light beams that are collimated by two 50 mm lenses. Two diffusors provide an even illumination situation (because the flash lamps
provide actually light along the direction between the two end points of
the electric arc). Light reaches the flow through cell (bright blue, shown
as vertical cut) planar. Particles in the cell (orange) block the beam so
that contours are visible on the two cameras that collect information
through two 300 mm telecentric lenses.

41

a)

b)

Figure 3.13: Photographs of the setup. a) Close-up photograph of the flow through cell. The sapphire glass
channel can be seen in the center of the picture. It is supported by the two brass blocks. Under the white
housing left of the cell one can see one of two electrical heating coils that lead into the brass blocks and
along the piping. Left of the heating jacket is the temperature sensor which is used to control the heat input
to the brass block. The piping itself is insulated. The entire flow cell is mounted into a holder which allows
adjusting the cell position in z direction. On the very right and top of the image one can see cameras and
lenses respectively. b) A photograph showing the optical rail system of the measurement setup. The flow
through cell is in the center of the cross onto which both cameras (red, above the cell) and flash lamps (black
cylinders below the cell) are pointing.
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Figure 3.14: Schematic drawing of the measurement setup including PAT tools: flow through cell in which
suspended particle are illuminated via the two collimated flashes and transmission images are captured by
two cameras, the ATR-FTIR probe that measures the liquid phase concentration and an FBRM probe to
check for the absence of nucleation or breakage events.
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Figure 3.15: Wiring overview of the system. A common 230 V AC supply
is fed into two AC/DC converters. The low voltage low power converter
feeds the trigger box (which can be controlled via TCP/IP) and the trigger TTL signal that fires cameras (that are connected using firwire) and
flash lamps. The high power medium voltage converter is feeding the two
power control boxes. Numbers in the drawing refer to the actual terminal
number. The flash intensity can be regulated using a potentiometer for
each camera independentely which are soldered directly onto the control
circuit boards of the power control boxes. The output is a 700 V pulse
with several ampere. In order to cool the flash lamps a fan is energized
by the same 24 V power source.
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3.2

Observing Single Crystals

It is difficult to obtain insight in mechanisms and phenomena occuring
during crystal growth at a very high level of detail when looking at the
evolution of entire particle collectives (Mitrovic, 1997; Mitrovic et al.,
1999; Eberl et al., 1998; Rojkowski, 1993) only because in a typical crystallizer, many interactions between particles and the stirrer, the reactor
wall, and other particles take place. Instead, one may want to perform
experiments under highly controlled conditions where one may observe
the evolution of a single crystal in the absence of breakage, particle collisions, agglomeration, inhomogeneities or uncertainties with respect to
the temperature field. One type of measurement setup that has been proposed in the literature are hot stage crystallizers, e.g., by Snyder et al.
(2008); Lovette et al. (2012). A first generation hot stage setup for microscopy studies and an enhanced stirred second generation have been
developed.

3.2.1

Hot Stage Setup

The first setup is a stainless steel hot stage that is temperature controlled
via a Peltier heating and cooling element which is equipped with an actively temperature controlled heat sink. The entire stage is put below a
Zeiss Axioplan microscope on a 3D stage with the option to use magnifications between 5x and 20x. The assembly is shown in Figure 3.16.
Design details of the custom heat sink are presented in Figure 3.17 and
Figure 3.18. The hot stage itself has a diameter of about 13 mm and a
height of 3 mm. It can be sealed with a plastic cover to avoid evaporation.
Notwithstanding the proven usability of this design (see Section 6.7) one
has to be aware of some limitations. Namely, the crystal will typically
rest on the stainless steel bottom of the crystallizer and is not kept in
suspension. This effect is somewhat allayed by the microscopically rough
surface so that the actual contact interface is minimal. The second concern arrises from the fact that the continuous phase is not stirred. While
it is true that all crystals that have been studied inside the stage have
been much smaller than the volume (so that the change in supersaturation due to a growing crystal was under all circumstances smaller than
2%), a potential diffusion limitation might flaw results and has thus lead
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to the construction of a second generation setup to circumvent this limitation.

Figure 3.16: First generation hot stage shown from a 3D render (CAD).
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Figure 3.17: Lower part of the custom heat sink of the first generation
hot stage.
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Figure 3.18: Upper part of the custom heat sink of the first generation
hot stage.
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3.2.2

Stirred Stereoscopic Setup

As illustrated in Section 3.2.1, the first generation hot stage setup was
not stirred. In the case of fast growing crystal systems, this might inevitabely lead to diffusion effects that can flaw the observable crystal
evolution. As a consequence, a second generation stirred hot stage setup
has been designed and manufactured. One important design consideration was to have the crystal moving freely in the hot stage, i.e. avoiding
to have to hold it which would ultimately drastically impact the particle
surface. Because at the same time one would like to avoid collisions
between the crystal and the stirrer as well as between the crystallizer
wall and the particle, a rotating ring concept was chosen where solid
objects will, due to the flow field, remain centered in the stage. In order to provide a sealed system, i.e. to guarantee a fixed composition,
actuation of the stirring ring was decided to be provided by a moving
magnetic field. This field originates from two permanent magnets which
are driven by a stepper engine via a belt system. Figure 3.19 shows
two CAD renders of the assembly. The belt movement is initiated via
an electrical step engine. Two bearings allow for a mostly frictionless
movement. The design of the stirring ring itself is explained in detail in
Figure 3.20. The stirring blades are made such that they can be easily
exchanged to provide a customizable flow field. A CFD simulation (see
Figure 3.21) is available to adapt the stirrer, e.g. with respect to size or
curvature. The effectiveness of the stirrer is shown in a study in which
a few small crystals of potassium manganate have been added to the
hot stage which was filled with water. The content of the cell was recorded from above with/without the stirrer being switched on. The result
can be seen in Figure 3.22. While in the stirred case, the content of the
cell is entirely homogeneous already after about 60 seconds, without the
stirrer even after more than 12 minutes a strong gradient is visible. It is
noteworthy that most organic molecules have smaller diffusion constants
than potassium manganate and thus the effect would be worsened.
With respect to the opportunity to use the polytope reconstruction algorithm suggested in Section 4.1.4.2, a second camera can be mounted
on top of the hot stage to provide stereoscopic real time data. The setup
is fully controllable from a computer system and can thus be used for
further studies or tests of automated control applications.

49

Overview
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Figure 3.19: Second generation stirred hot stage design with stereoscopic
camera setting and a belt driven stirrer ring.
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Figure 3.20: Construction details of the stirring ring and hot stage.
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Figure 3.21: Screenshot from a CFD simulation to provide a platform
for customizable stirrer design. Color values refer to the cell Reynolds
number, a measure for the mixing behavior inside the cell. The higher
the value, the better the mixing.
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Figure 3.22: Illustration of the stirrer enhanced homogenization of the
continuous phase.

53

Chapter 4

Image Analysis

4.1
4.1.1

Image Processing for Flow Though Cells
Thresholding and Contour Extraction

Due to the excellent homogeneous background illumination of the first
and second generation flow through cells, global thresholding is possible.
As each image can be rageded of a matrix in which each pixel represents a
specific row/column combination with a value between 0 and 255 (8 bit),
one may calculate a matrix of the same size consisting of 1 or 0, depending on the descision wether the pixel belongs to the background (bright
pixel, value above threshold) or is part of an object (dark pixel, value
below threshold). This binary matrix is next used to identify connected
objects and extract the coordinates of the thus identified particles which
is done using openCV (Bradski (2000)). Code snipplets for this operation
for real time and offline image analysis are given in the appendix.

4.1.2

Boundary Curve Extraction and Particle Classification

This section was published in Schorsch et al. (2012). Information on the
type of model particle that best describe the observed crystal can be ex-
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tracted from the boundary curve shown in Figure 4.1c. This is defined as
the distance between the area center of the projection and every boundary pixel as a function of the position along the boundary. The boundary
curve contains information about the shape of the projection such as its
aspect ratio, convexity, or number of edges and corners. The area center
is calculated for both projections, e.g., for the x coordinate of the area
center of a lateral projection:
xcenter =

Np
1 X
xi
Np i=1

(4.1)

where xi is the coordinate of the pixel along the boundary (in pixel)
and Np the number of pixels in the projection of an object. In order
to calculate the boundary curve, boundary pixels have to be identified.
A boundary pixel of the projection has at least one nearest neighbour,
which is not part of the object, and it is at the outer border. In order
to assure the latter, the search algorithm that identifies border pixels
always starts at the leftmost top pixel and moves clockwise around the
particle until the start coordinates are reached again. The coordinate
along the boundary curve corresponding to the i-th border pixel is then
given as the distance, di , to the area center, e.g., for a lateral projection:
q
2
2
di = (xi − xcenter ) + (zi − zcenter )
(4.2)
The discrete curve thus obtained is approximated with a polynomial fit
thus facilitating the mathematical analysis of its properties.
The assignment of one of the three model classes to a specific particle is
based on a number of indicators associated to its boundary curve such as
the number of minima and maxima or the ratio of the minimum to the
maximum distance. These indicators are determined for both the lateral
and planar projections, and collectively allow for a much more accurate
and succesful classification of single particles than if a single indicator
were used. The boundary curves of spheres are roughly horizontal lines;
those of needles have two maxima (at the tip of the needle) and two
minima (at the center of the needle); boundary curves of cuboids exhibit
four to six minima or maxima. The values of the indicators defined above
for the particles in Figure 4.1b are reported in Figure 4.1d.

55

(a) model particles
L3
L1
L1

L1

L1

L3

L1

L3

L1

L1

L1

L1
L2
L2

L2

L2

(b) examples of

L2
identified

L2

objects

75

100

80

60

80

60

Lateral
40

Planar

45

Distance [Pixel]

100

Distance [Pixel]

Distance [Pixel]

(c) boundary curves

Lateral

30

Planar

60

Lateral
40

Planar
20

0
0

15

50

100

150

Boundary Pixel [−]

Max/Min
mean(d)
# Minima
# Maxima

200

250

0
0

20

50

100

150

200

250

0
0

Boundary Pixel [−]

(d) Particle properties
Sphere
Needle
Planar Lateral
Planar Lateral
1.14
1.10
10.43
10.45
45.1
46.8
33.1
32.0
3
4
2
2
3
4
2
2

80

160

240

320

Cuboid
Planar Lateral
1.54
1.55
66.9
60.0
3
4
3
4

Figure 4.1: The three classes of model particles used in this work: sphere,
needle and cuboid. (a) model particles, (b) exemples of particles identified in images (left: glass beads, middle: L-glutamic acid β crystal, right:
paracetamol crystal), (c) boundary curves for the particles in (c) and
(d)their properties.
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4.1.3

Distinguishing agglomerates and primary particles

Clearly, the drastic shape change between primary particles (needles)
and agglomerates in the case of β L-glutamic acid renders image analysis a promising method for identifying agglomerates. However, not only
does the efficacy of automated image analysis depend on the type and
the quality of the measurements, it is found that an unequivocal identification of agglomerates from a small number of images is, occasionally,
simply not possible. An assessment of the maximum achievable identification performance prior to creating an image analysis routine is therefore in order. This can be done e.g. by comparing evaluation results for a
given set of images obtained from different human experts. The resulting
agreement, which is significantly below unity, (Faria et al., 2003) can be
used as measure of the expected performance.

Experts Classification To this end, a graphical user interface (GUI)
was developed which displays both projections of photographed particles
and that allows users to assign objects into four classes: (1) primary
particle (confident), (2) primary particle (probable), (3) agglomerate
(probable) and (4) agglomerate (confident). A screenshot of this GUI
is presented in Figure 4.2. Four crystallization experts were asked to
analyze a total of 1000 particles (500 seed and product crystals each).
The resulting classification is shown in Figure 4.3 in the form of bar
charts. The classifications are reported for the seed and product crystals
individually, as well as for all crystals combined.
Two findings are immediate: the amount of particles classified as agglomerates (classes 3 and 4) increases from seeds to products and the
(self-assessed) confidence in the classification carried out by each expert
varies widely, i.e., the ratio of confident to probable decisions varies from
approximately 40:60 to approximately 90:10 between the experts. It is
this difference in confidence among the experts that makes obtaining
a robust machine classifier that is able to sort unknown particles into
the four above-mentioned classes a hopeless venture. In order to remedy
this, one resorts to amalgating classes (1) and (2), as well as (3) and
(4) in the following, i.e., particles are classified as primary particles or
agglomerates, regardless of the confidence level with which the decision
was taken. The simplest way to quantify the agreement between a pair
of experts is to report the fraction of particles for which both experts
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made the same decision, cf. Table 4.1.
The agreement among pairs of experts is rather high, however, this finding should be taken with a grain of salt, as one expert might agree
with his colleague by chance (i.e., when an expert randomly classified
a particle, the expert might still agree with the second expert) (Gwet,
2012). Cohen (1960) was among the first to present a correction for such
chance agreement between two experts in the form of the kappa coefficient defined as:
κ=

pa − pe
1 − pe

(4.3)

where pa is the observed agreement among a pair of experts and pe is
the expected agreement if the experts are classifying particles randomly.
Therefore, κ = 1 indicates perfect agreement among the two experts,
while κ = 0 indicates that the agreement between experts could be
based on pure chance, while κ < 0 indicates a systematic disagreement
among the experts. In order to quantify the overall agreement between
multiple raters (i.e., more than two) Fleiss (1971) calculated pa as the
mean agreement of all possible pairs of experts:
N

pa =

q

XX
2
ri,k
N n(n − 1) i=1

(4.4)

k=1

where N is the number of particles classified, n is the number of experts,
q is the number of classes and ri,k is the number of times particle i has
been rated into class k by the experts. Note that in Eq. (4.4) it was
assumed that all particles were classified by all experts. The expected
agreement when experts are classifying particles randomly, pe , can in
turn be calculated as:
!2
q
N
X
1 X
pe =
ri,k
(4.5)
N n i=1
k=1

When applying these equations to the above-mentioned expert data, it is
important to realize that the obtained κ coefficient is inherently a sample
estimate, i.e., it is important to also determine confidence intervals on
it. In this work, we obtained confidence intervals using a bias-corrected
bootstrapping method outlined by Efron (1975) using 10,000 bootstrap
samples. The 95% confindence interval on the κ coefficient thus obtained
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is κ = 0.56 ± 0.04, which indicates that there is statistically significant,
though not perfect, agreement among the experts when they are asked
to classify particles as either agglomerates or primary particles based on
two images obtained by the flow through cell.
That being said, the ultimate use of the expert data obtained is to serve
as the basis of a robust machine learning classifier that allows classifying unknown particles as agglomerates or primary particles with a high
certainty. Such a robust classifier can only result from a robust training
set. To this end, only particles for which all four experts agreed in their
decision will be considered as the training set for the computer, which
resulted in a training set of 609 particles (out of the original 1000).
In addition to the above evaluation, the computed (volume weighted) degree of agglomeration as a function of the number of evaluated particles
is plotted for all experts in Figure 4.4. As can be seen, the evaluated
degree of agglomeration converges for quasi all participants after about
300 samples. Furthermore, the final agglomeration degree is similar for
all experts.

Machine learning strategy to obtain a robust classifier The
classification performed by the experts relied on their visual impression
gained from the two FTC images of each particle, which obviously is
impossible to translate into terms a computer can understand. Therefore, so-called descriptors, i.e., clearly quantifiable aspects found in the
two images of each particle, need to be calculated. Choosing descriptors
that allow distinguishing between agglomerates and particles is of high
importance when looking to find a robust machine classifier. Typically
used descriptors include the convexity, the circularity and the concavity of each particle (Faria et al., 2003; Bouwman et al., 2004). Each of
these descriptors is calculated for each of the two orthogonal particle
projections i ∈ [1, 2].
The convexity vexi is defined as the ratio between pixel area and the area
of the corresponding convex hull. Concavity cavi is given by the ratio of
the area of the largest concavity over the total pixel area. Illustrations of
these two indicators are given in Figure 4.5. Circularity circi is defined
as the ratio between the polygon area divided by π × r2 where r is the
average distance of the contour curve to the area center of the projection.
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In order to judge the effectiveness of individual classifier combinations
it is instructive to project the training set data, i.e., the descriptors of
the 609 particles for which all four experts agreed in their classification, on planes spanned by two of these descriptors. If the descriptors
of agglomerates and primary particles are well-separated in these trace
plots, determining a classifier that identifies agglomerates and primary
particles based on only the two descriptors spanning the plane can be
accomplished. All possible 15 trace plots are reported in Figure 4.6. In
all of these trace plots the classes of agglomerates and primary particles
are overlapping and no easy boundary between the two groups can be
drawn, indicating that a simple combination of two descriptors will not
be sufficient to distinguish between agglomerates and primary particles.
However, focussing on the trace plots of vex1 vs. vex2 , cav1 vs. cav2 and
circ1 vs. circ2 , it becomes clear that all descriptors provide at least some
separation between the two particle classes.
It is best practice in the development of a machine classifier to start
with the simplest available methods and only increase complexity if these
simple methods do not yield appropriate classification performance. The
simplest measure to assess the classification performance of method is
the training error, i.e., the fraction of particles in the training set which
are misclassified by the classifier. However, care must be taken when using many descriptors to separate a training set in few classes, as such a
strategy might lead to overfitting of the training data, i.e., the classifier
will separate the training set very well, but will fail to classify unknown
particles successfully. If a classifier overfits the training data can be evaluated using cross validation procedures in which only part of the training
data is used to build the classifier, while the rest of the training data is
used to test the classifier. Repeating this procedure multiple times for
different subsamples of the training data a robust estimate of the prediction error is obtained. An overfitting classifier can then be recognized
by a large difference between training and prediction error.
Linear discriminant analysis (LDA) was found to yield satisfactory results. In LDA a hyperplane in the descriptor space is sought that separates two classes with the lowest possible training error. The hyperplane is
calculated by assuming that the two classes (agglomerates and primary
particles in our case) only differ in their mean (the mean value of all
six descriptors), while they have the same covariance matrices. For this
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purpose one denotes the training set as

D = (xi , gi ) | xi ∈ R6 , yi ∈ {1, 2}

(4.6)

where gi is the class label for particle i and xi is a column vector containing all descriptors for particle i in the training set. In Bayesian statistics an observation is optimally classified when the posterior probability
P (k|xi ) of the class k for the observation xj taken for particle j is maximized. The optimal classification ĝj for the observation xj can then be
obtained by solving:


fk (xj )pk
ĝj = arg max P (k|xj ) = arg max
(4.7)
k
k
h(xj )
where one has applied Bayes’ theorem to obtain the right hand side of the
equation. In Eq. (4.7) fk (xj ) is the probability density function of class
k, pk is the prior probability of class k and h(xj ) is the (unconditional)
probability that observation xj is obtained. Since the denominator does
not depend on k, Eq. (4.7) can be conveniently expressed as:
ĝj = arg max (fk (xj )pk )

(4.8)

k

While Eq. (4.8) can be used for any probability density function fk (xj ),
it is considerably simplified in linear discriminant analysis, because the
probability density function fk (xj ) of both classes is assumed to be a
multivariate normal distribution. Substituting the multivariate normal
distribution into Eq. (4.8) and taking the natural logarithm, one obtains:

ĝj = arg max
k


1
1
T
− ln (Vk ) − (xj − mk ) Vk (xj − mk ) + ln (pk )
2
2
(4.9)

where mk and Vk are the mean and covariance matrix of class k, respectively. With respect to the prior probabilities, one can assume that
pk = 0.5, so that the last term in Eq. (4.9) can be dropped as well. In linear discriminant analysis Eq. (4.9) is further simplified by assuming that
the two classes have identical covariance matrices (denoted V), leading
to:


1
T
(4.10)
ĝj = arg max − (xj − mk ) V (xj − mk )
k
2
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The pooled covariance matrix V for this classifier is estimated from the
training data as
V=

2
N
1 XX
T
(xj − mb ) (xj − mb )
N −2
j=1

(4.11)

b=1

gj =b

Using this classifier, the training error, the prediction error, as well as
the agreement with each of the four experts on the whole data set (i.e.,
all 1000 particles classified by the experts) are reported in Table 4.2.
The prediction error was calculated using a standard 10-fold cross validation procedure. The data in the table indicates that the classifier is
not overfitting the training set (the training and prediction errors are
similar).
A further option is to use Linear support vector machines (SVM) which
aim at finding the hyperplanes separating the two data classes with the
largest margin possible. Since a hyperplane must follow the equation
w·x−b=0

(4.12)

where w is the normal vector of the hyperplane and · is the dot product
between the two vectors one can define the two (parallel) hyperplanes
limiting the margin between the two classes as:
w·x−b=

1

w·x−b=

−1

(4.13)

The distance between the hyperplanes can then be expressed as
d=

2
kwk2

(4.14)

so in order to find the largest margin, one strives to minimize kwk2 under
the constraint that no particle in the training data set shall fall within
the margin, which can be expressed as a constraint to the minimization
problem:
gi (w · x − b) ≥ 1

(4.15)

For computational reasons it is convenient to express the minimization
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as a quadratic program with linear constraints:


1
2
arg min
kwk2
w,b
2

(4.16)

subject to: gi (w · x − b) ≥ 1
This derivation assumed that the training data is linearly separable.
However, in this case, the training data was shown already to be nonseparable with a linear classifier (otherwise we would have obtained a
far lower classification error using LDA; one that is close to zero). One
therefore has to look for a tradeoff between separating the data well
and the training error. In order to address such problems Cortes (1995)
introduced so-called soft-margin support vector machines. In this formulation, linear slack variables, ξi , are introduced to the optimization
problem, so that Eq. (4.16) can be rewritten as:
!
N
X
1
2
arg min
ξi
kwk2 + C
w,b,ξi
2
(4.17)
i=1
subject to: gi (w · x − b) ≥ 1
where C is a parameter that can be found by minimizing the prediction
error using a crossvalidation procedure. Using this classifier, the results
reported in Table 4.3 are obtained. One can see that this linear classifier performs slightly better than the LDA classifier, both in the training
and prediction erros as well as the agreement with the experts. An implementation is available as a Matlab code Mathworks (2011) where upon
feeding the LDA based algorithm with the six descriptors, an answer is
returned defining to which group the particle belongs.
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Table 4.1: Agreement between experts in distinguishing between agglomerates and primary particles.

Expert
Expert
Expert
Expert

1
2
3
4

Expert 1
100%
77.0%
80.6%
84.1%

Expert 2
77.0%
100%
74.6%
75.7%

Expert 3
80.6%
74.6%
100%
80.5%

Expert 4
84.1%
75.7%
80.5%
100%

Table 4.2: Characteristics of the LDA classifier.
Training error
Prediction error
Agreement Expert
Agreement Expert
Agreement Expert
Agreement Expert

1
2
3
4

11.5%
11.8%
77.5%
70.5%
78.7%
83.4%

Table 4.3: Characteristics of the linear SVM.
Training error
Prediction error
Agreement Expert
Agreement Expert
Agreement Expert
Agreement Expert
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1
2
3
4

10.5%
10.5%
78.5%
71.5%
77.5%
85.8%
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Figure 4.2: Graphical user interface to let humans decide for the particle class, i.e. between primary particles
and agglomerates. In the upper part the user is shown the two orthogonal projections. Below are the buttons
to allow for choosing.
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Figure 4.3: Bar charts of the number of decisions made by each expert on a high and low confidence level for
seeds, product crystals and all crystals combined.
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Figure 4.4: Evolution of the agglomeration degree over the sample number when analyzed by experts (red
dashed lines) and the optimized automated analysis (solid black curve) for (a) seeds and (b) products.
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Figure 4.5: Two particles as observed by the orthogonal camera setup. The left particle would be classified as
primary particle, the right particle as agglomerate. The top row contains raw images. The second raw shows
the convexity, i.e. the dark area is the particle area that is enclosed by the contour curve, the bright area is
the convex hull. Convexity vex is defined as ratio between particle area over area enclosed by the convex hull.
The bottom row shows the cavity cav, i.e. the dark area is again the particle area enclosed by the contour
curve and the bright area is the largest cavity (connected area in the difference between convex hull and
particle contour). The concavity is defined as ratio between area of largest concavity over area enclosed by
the convex hull.
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Figure 4.6: Trace plots for combinations of two descriptors. The red circles represent particles unanimously
classified as agglomerates by the experts, while the black crosses represent primary particles.
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4.1.4

Particle Size Calculation

4.1.4.1

Generic Particle Models

This section was previously published in Schorsch et al. (2012). The three
generic particle classes (Section 2.1.1) have distinct properties that can
be exploited to calculate their corresponding characteristic lengths in an
efficient manner, by using a different method for each particle class, as
described in the following.
The radius of a sphere is calculated as the arithmetic mean of the average
of the functions describing the boundary curves of the lateral and planar
projections (see Figure 4.1c - left). Note that the radius is first obtained
in pixel units and has to be converted into length units by multiplying
with the size of a pixel (1 pixel equates 1.75 µm in the first generation
setup and 1 pixel equates 1.15 µm in the second generation setup.)
The thickness of a needle L2 can be calculated using the boundary curve
as well. It is the average in both projections of the sum of coordinates of the two minima, which corresponds to the shortest possible distance between two opposing boundary pixels. The needle length L1 is
calculated using the coordinates of the uppermost (P1 (x1 , y1 , z1 ) and
lowermost (P2 (x2 , y2 , z2 )) pixels as indicated in Figure 4.8a, which are
obtained by combining the coordinates of their two projections. These
can be used to calculate the length λ1 in pixel units as given by:
q
2
2
2
(4.18)
λ1 = (x1 − x2 ) + (y1 − y2 ) + (z1 − z2 ) − λ22
where λ2 is the needle thickness in pixel units; the lengths L1 and L2
are obtained upon unit conversion.
The reconstruction of the three dimensional shape and position of a
cuboid is based on a similar approach. The concept is shown in Figure 4.8b. The coordinates of P1 and P7 , which are the uppermost and
lowermost pixels, are combined similarly to the procedure used for needles.
These are the endpoints of a diagonal P1 P7 , where the center is also the
center of the cuboid. As every corner of the cuboid Pi with i = 1, .., 8 has
the same distance from this center, the coordinates of the leftmost and
of the rightmost boundary pixels, which are also end points of diagonals,
can be calculated. Knowing the coordinates of the tips of the cuboid,
the lengths of the sides can be calculated, first in pixel units, and then
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in length units, thus obtaining the three charcteristic lengths, that fulfill
the following relationship: L1 > L2 > L3 .
Agglomerates on the other side can be found in many different shapes
and it is exceedingly difficult to accurately extract or describe the shape
of agglomerates. To avoid this issue, agglomerates are characterized according to a single quantity, the particle volume. This measure can be
estimated by using both projections by either averaging over the distance
between contour and area center or by calculating the upper limit, i.e.
the maximum volume of the polygon that is enclosed by both contours.
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Figure 4.8: Schematic 3D drawings of a needle and a cuboid and their respective projections onto the (x, z) and (y, z) planes. Points Pi (xi , yi , zi )
are labeled as i.
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4.1.4.2

Facetted Particle Models

The crystal shape estimation problem for the polytope based particle
models for facetted crystals can be formulated as a polytope reconstruction problem from a pair of projections and has been published
in Schorsch et al. (submitted). More precisely, the goal is to provide an
estimate of the size vector t from two sets of boundary points on projection planes, i.e., from D1 and D2 . As the projections of a polytope depend
strongly on its orientation a good estimate of its size vector t relies on a
good estimate of its orientation R, so that t and R need to be estimated
simultaneously. Moreover, a challenging aspect of the problem is that
the solutions are not unique, i.e., more than one pair of parameters t
and R can produce the same datasets D1 and D2 .
For estimating both the crystal shape and its orientation, we propose an
approach based on minimizing the re-projection error between the rotated and scaled polytope C and the two sets of data points D1 and D2 .
Such optimization-based approaches for minimizing the error between
data and model have been successfully applied in Computer Vision (Amberg et al., 2007).
Definition of the optimization objective The first key ingredient of our method is an appropriate metric to measure the discrepancy
between data and scaled model. The metric should be appropriate for
optimization purposes and should measure the shape resemblance in a
non ambiguous way, which means that a small value of the optimization objective should correspond to a good fit between the projected and
rotated model and the data points. To our knowledge, the Hausdorff distance, dH , is an appropriate way of measuring the resemblance between
a model shape and a shape on a 2D image (Huttenlocher et al., 1993).
It is a measure of the distance between two sets, which can be defined
as follows:
d (X, Y ) = max{ sup inf kx − yk2 ,
x∈X y∈Y

sup inf kx − yk2 }

(4.19)

y∈Y x∈X

where k.k2 is the Euclidean norm in R2 , X and Y are two (possibly
infinite) sets in R2 and sup and inf are the supremum and infimum,
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respectively. In our case, X is one of the projections of our polytope, Pk ,
and Y is the convex hull Hk of the measured contour Dk for k ∈ {1; 2}.
Hours et al. (2013) have shown that the Hausdorff distance in such cases
can be written in a simplified form involving only the vertices, Vk of the
projection Pk , so that the Hausdorff distance becomes (for k ∈ {1; 2}):
dk (Vk , Hk ) = max{ max min kx − yk2 ,
x∈Vk y∈Hk

max min kx − yk2 }

(4.20)

y∈Hk x∈Vk

Note that min and max have replaced inf and sup since these two sets
compared in this equation are non-empty and finite. However, Eq. (4.20)
is not a smooth function and therefore leads to optimization problems
that are cumbersome to solve (Lakhtin and Ushakov, 2005). Therefore,
we propose to take an averaged version of the Hausdorff distance, which,
accounting for both projections now, can be written as:


Mk
Nk
2 

X
X
X
1
1
d˜ =
min kxi − yk2 +
min kx − yj k2 (4.21)

 Mk
y∈Hk
x∈Vk
Nk
k=1

i=1

j=1

where Mk is the number of vertices of Pk and Nk is the number of points
in Hk .
Definition and solution of the optimization problem The estimates of the size vector t and the rotation R are taken to be the minimizers
of the following optimization problem:
min d˜

(4.22)

t,R

which is a nonlinear problem for which reaching the global optimum in
a feasible time-scale is very difficult. Therefore, we propose to use a grid
of initial conditions for the rotation matrix R and initialize other variables to zero. These initial conditions are used to warm-start a nonlinear
solver (IPOPT, see Wächter (2006)). Moreover, we solve the optimization problem for every region in the morphology map separately by
putting constraints on the size vector t. Every grid point is given as
initial condition to IPOPT, which is run until a specified level of accuracy on a local optimum is met. In the end, the optimal fit is taken to
˜
be the best parameter estimate (t̂, R̂) resulting in the lowest value of d.
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Figure 4.9: Schematic overview of the optimization algorithm for the
calculation of the best fitting polytope.

Figure 4.9 gives a schematic overview of the procedure. Thus, for n grid
points in the discretization of the rotation matrix and m morphology
regions, n × m optimization problems need to be solved for every pair of
measured projections, i.e., for every particle. Details about the discretization procedure of the rotation matrix and how the constraints on the
size vector are calculated are reported by Hours et al. (2013). The size of
the crystal is finally obtained by multiplying t̂ with the scaling constant
s.
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4.1.4.3

Measuring Particle Roundness

In Reinhold et al. (2014) an algorithm to measure the particle roundness
in terms of finding the Minkwoski sum of a sphere and a polytope that
can best describe an observed particle contour is available.

4.2

Multidimensional Particle Size Distributions

Parts of this section have been published in Schorsch et al. (2012). Depending on the particle class and its corresponding number of characteristic lengths, the number density distribution for measurements of the
two generations of FTC systems is either a 1D, 2D, 3D or nD PSD. The
highest number of characteristic lengths in this thesis is three (cuboidal
particles or polytopes with three independent growth directions). For a
3D PSD, f (L1 , L2 , L3 )dL1 dL2 dL3 is the number of particles per unit
reactor volume with characteristic lengths between L1 and L1 + dL1 ,
L2 and L2 + dL2 , and L3 and L3 + dL3 , hence has units of m−6 . One
defines these properties only for the 3D PSD since the definitions for
the 1D and 2D cases are straightforward simplifications. In addition to
the number density distribution one may also use the normalized number density distribution, q, and the normalized volume-weighted density
distribution, q V , defined as:

q(L1 , L2 , L3 )

=

f (L , L , L )
R ∞ R ∞ R ∞1 2 3
f dL1 dL2 dL3
0
0
0

(4.23)

q V (L1 , L2 , L3 )

=

L L L f (L1 , L2 , L3 )
R ∞ R ∞ R1 ∞2 3
L1 L2 L3 f dL1 dL2 dL3
0
0
0

(4.24)

For the sake of facility of representation, from the last equation one
derives the following two-dimensional (there are three of them) distribution:
q3V (L1 , L2 ) =

Z

∞

q V (L1 , L2 , L3 ) dL3

0

77

(4.25)

which are obtained by stacking particles and summing them along one
coordinate. Moreover, the moments of the 3D PSD are defined as follows:
∞

Z

Z

∞

Z

∞

µi,j,k =
0

Li1 Lj2 Lk3 f (L1 , L2 L3 )dL1 dL2 dL3 ,

(4.26)

0

0

which are used for instance to calculate number and volume based mean
lengths of 3D PSDs. For cuboids for instance, the volume based mean
lenghts are given by the ratios µ2,1,1 /µ1,1,1 , µ1,2,1 /µ1,1,1 and µ1,1,2 /µ1,1,1 ,
respectively.
Since the imaging systems presented within this thesis size, classify and
count particles, one samples the PSD rather than measuring it. Thus,
the 3D PSD is discretized by dividing the (L1 , L2 , L3 )-space in bins that
are defined as
L1,min

=

L1,0 < L1,o < L1,o = L1,max ,

o = 1, . . . , O

(4.27)

L2,min

=

L2,0 < L2,p < L2,p = L2,max ,

p = 1, . . . , P

(4.28)

L3,min

=

L3,0 < L3,r < L3,r = L3,max ,

r = 1, . . . , R

(4.29)

By counting particles in each bin Fo,p,r is the number of particles in the
bin with indices (o, p, r), which is related to the continuous distribution
f through the following integral
Z

L1 ,o

Z

L2 ,p

Z

L3 ,r

Fo,p,r =

f (L1 , L2 , L3 ) dL1 dL2 dL3
L1 ,o−1

L2 ,p−1

(4.30)

L3 ,r−1

The corresponding discretized normalized distributions can then be written as

Qo,p,r =

O
P

Fo,p,r
R
P

P
P

(4.31)
Fo,p,r

o=1 p=1 r=1

QVo,p,r

L1,o L2,p L3,r Fo,p,r
= O P R
P P P
L1,o L2,p L3,r Fo,p,r
o=1 p=1 r=1
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(4.32)

where
L1,o−1 + L1,o
2
L2,p−1 + L1,p
=
2
L3,r−1 + L1,r
=
2

L1,o =

(4.33)

L2,p

(4.34)

L3,r

(4.35)

The absolute values of Fo,p,r , Qo,p,r and QVo,p,r obviously depend on the
number and size of the bins. This is an undesired effect, because it reduces comparability between distributions with different discretizations
and different number of particles measured. The problem is overcome
by approximating the continuous distributions, f , q and q V , using the
following equations:
fˆo,p,r

=

q̂o,p,r

=

Fo,p,r
∆L1,o ∆L2,p ∆L3,r
F o, p, r
O P
P P
R
P
∆L1,o ∆L2,p ∆L3,r
Fo,p,r

(4.36)
(4.37)

o=1 p=1 r=1
V
q̂o,p,r

=

L1,o L2,p L3,r Fo,p,r
(4.38)
O P
P P
R
P
∆L1,o ∆L2,p ∆L3,r
L1,o L2,p L3,r Fo,p,r
o=1 p=1 r=1

where
∆L1,o = L1,o − L1,o−1

(4.39)

∆L2,p = L2,p − L2,p−1

(4.40)

∆L3,r = L3,r − L3,r−1

(4.41)

The reduced quantities described in Eq. (4.25) are defined similarly. In
the results section of this thesis representative particle size distributions
obtained by considering at least 6 × 104 particles are shown if referring
to particle distributions.
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4.3

Data Handling and Overview for FTC
systems

Each experiment generates an entry in the experiments database. For
each observed particle, a number of n characteristics is calculated and
stored in the measurement value table (n rows for each particle). The
type of measurement is given through the feature ID. Information on the
nature of each feature can be taken from the particlefeatures table. The
particle observation itself is stored in the measurements table where the
time of observation, the experiment to which the particle belongs and
the particle ID are stored. The connection is shown in Figure 4.10. This
procedure is in correspondance with database normalization. The overall
procedure from experiment up to the calculation of the PSD is outlined
in Figure 4.11.

db_experiments

db_particleclass

experimentID | Date | Info

featureID| description & name

db_measurements
measurementID | experimentID | time

db_measurementvalue
measurementID | featureID| value

Figure 4.10: Database structure for the online measurment system.
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Figure 4.11: Schematic overview of all steps to obtain PSD data and
the role of the virtual test bench. Turquoise circled numbers indicate
the chapter number in which the corresponding element is discussed in
Schorsch et al. (2014).
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4.4

Single Crystal Size Estimation

Particle shape and size measurement of single crystals is carried out by
image analysis as well, i.e. a methodology is sought to extract the contour
data of crystals in the hot stage as x, y data. However, the situation
is different to the flow through cell setting for three reasons. First, the
background in case of the hot stage crystallizer is not homogeneous (such
as the glass background with backlight illumination of the flow through
cell) but rather noisy due to the overhead lighting. Second, images are
not black and white but are recoreded in color. Third, unlike in the flow
through cell, one aims to observe the same crystal and hence can use
information of previous images to enhance the contour extraction in the
current picture.
Several steps are taken to provide the contour data that are illustrated
in Figure 4.12. The colored raw images is first converted in a gray scale
image, i.e. the RGB image (RGB is short for red/green/blue, a matrix
of the size xn × yn × 3 where xn and yn are the width and length of
the entire image) is flattened into a gray image (matrix of the size xn ×
yn × 1). Each of the layers of the RGB contains different information
as different materials (such as the metal hot stage background or the
crystal under consideration) reflect at different wavelengths. This can
be used to extract the most relevant data, for example by considering
the content of the red channel and substracting the content of the green
and blue channels. A normalization step is needed to make sure that
the gray scale image matrix consists entirely of values between 0 (black)
and 255 (white). The thus enhanced matrix is now subject to either an
edge detection step where one extracts prominent gradients to estimate
the position of visible edges or a thresholding step where one simply
distinguishes between background and foreground pixel. In either case,
the result is a matrix of the size xn × yn × 1 which consists of logical
values only (i.e. 1 or 0). In the case of the first generation setup, global
thresholding is still possible and is shown as third step in Figure 4.12.
Due to the inhomogeneous background, the thresholded image contains a
considerable amount of noise. A protocol to distinguish between edges/foreground pixel that originate from the metal background and actual
crystal features is needed. The Hough transform Shapiro and Haralick
(1992) was found to provide the necessary tool. During Hough trans-
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formation, the x − y space data is transformed into a space where each
data point of the original image is represented by a set of angle between
x-axis and a normal to a line which passes through the data point and
the distance between the origin and this line. These sets are summed
and result in a histogram of angle and distance relative to the origin of
the original image. One can then simply take the combinations of angle
and distance with the highest count, i.e. those lines that include most
of the data points in the original image. By further applying heuristics
e.g., count for small gaps and errors due to discretization, one finds the
longest lines in the hot stage image that are part of the original crystal.
If one computes the convex hull around these lines one is able to find
the contour of the particle. This contour can then be used for fitting a
particle model, e.g. the 2D representation of a cylinder (i.e. a rectangle).
An important ingredient of this procedure is to know in which size range
of lines the algorithm has to search for as well as in which direction those
lines can be found (i.e. what is the approximate position and direction
of the crystal). Due to the fact that one monitors continuously the same
crystal, this information can be provided for the first image manually
and then extreacted for each consecutive picture by starting to search
from the previous data set.
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Figure 4.12: Illustration of the image analysis procedure for single crystals.

84

Chapter 5

Dynamic System Modeling

5.1

Modeling the Impact of the Dilution
Loop

This section has been previously published in Schorsch et al. (2012). The
dilution system sketched in Figure 3.6 tunes the suspension density in
the sampling loop. As the suspension returns to the crystallizer after
being imaged in the flow cell, it is conceivable that the presence of the
sampling loop has a perturbative effect on the course of the crystallization process being investigated. To estimate this, a population balance
equation (PBE) model is used, where the crystallizer is a continuous
stirred tank reactor (CSTR) whereas tubes 2 and 3 are modeled as ideal
plug flow reactors (PFR). Since the outflow of the PFR is recycled to
the CSTR, the two are coupled. This coupling and its mathematical description is investigated in the following. For the sake of simplicity but
without loss of generality we consider particles with one characteristic
length L, e.g. spheres, for the purpose of this analysis.
The PBE with initial and boundary conditions for the CSTR can be
written as
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∂f
∂f
A
+G
= − (u1 f − u3 g(t, Z, L))
∂t
∂L
V
f (0, L) = f˜(L)

(5.1)

f (t, 0) = J/G
where f (t, L) is the particle size distribution in the CSTR, t is the time,
G is the growth rate, J is the nucleation rate, V is the volume of suspension, A the cross section of the tubings for streams 1-3, ui is the
flow velocity of stream i and g(t, Z, L) is the number density distribution of crystals at the end of the PFR recycled to the CSTR, where
Z is the length of the PFR. It is assumed that streams 2a and 2b in
Figure 3.6 are completely particle-free after being filtered. In this PBE
one has assumed that crystal growth is size independent and particles
neither break nor agglomerate. However, the inclusion of these effects
in the model could be accomplished if they are of importance for the
process to be modeled (Kostoglou et al., 1997; Hostomsky and Jones,
1991; Hill and Ng, 1995; Lindenberg et al., 2008). Eq. (5.1) is coupled to
a mass balance for the solute:

dc
= −3kv ρc G
dt

Z∞

L2 f dL −

A
(c (u1 − u2a + u2b ) − u3 b(t, Z))
V

(5.2)

0

c(0) = c̃
where c is the solute concentration, kv is the volume shape factor (kv =
π/6 for spheres where L is the diameter), ρc is the crystal density, and
b(t, Z) is the solute concentration of the stream leaving the PFR. The
population balance equation for the PFR can be written as
∂g
∂g
∂g
+ u3
+G
=0
∂t
∂z
∂L
g(0, z, L) = 0

(5.3)

g(t, 0, L) = ωf (t, L)
g(t, z, 0) = J/G
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where ω = u1 /(u1 − u2a + u2b ) is the dilution ratio and the mass balance
for the PFR is given as:

∂b
∂b
+ u3
= −3kv ρc G
∂t
∂z

Z∞

L2 g dL
(5.4)

0

b(0, z) = c̃
b(t, 0) = c(t)

where it is assumed that the PFR is initially filled with particle free
solution of the same concentration as in the CSTR. Therefore, the volume
of suspension in the CSTR is constant over time because the withdrawals
(stream 1 and 2a/2b) are exactly replaced by stream 3 that is fed back
to the CSTR. From Eq. (5.3) it is obvious that the PFR is coupled to
the CSTR through its boundary conditions. Likewise, the outflow of the
PFR enters the CSTR, making the CSTR also dependent on the result
in the PFR.

5.1.1

Constitutive equations

One considers the crystallization of α L-glutamic acid from water as an
example, since the corresponding rates of growth and nucleation can be
found in the literature (Scholl et al., 2007, 2006). At 25℃ they are given
as a function of the supersaturation, S, i.e. the ratio of concentration to
saturation concentration, as:



0.4
G = 1.6 × 10−7 (S − 1)5/6 exp −
[ms−1 ]
S−1

27

J = 1.3×10



160
exp − 2
ln S



(5.5)



10
+1.4×10 exp − 2
[m−3 s−1 ] (5.6)
ln S
8

In the following isothermal simulations at 25℃ are reported where the
solubility is 10.9 kg/m3 (Scholl et al., 2007). Note that the growth and
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nucleation rates in Eq. (5.1) and Eq. (5.2) are calculated using the
Eq. (5.5) and Eq. (5.6), where S is given in terms of the concentration c in the CSTR, whereas G and J in Eq. (5.3) and Eq. (5.4) are
based on the same constitute equations where S is given in terms of the
PFR concentration b.

5.1.2

Results

The model presented above is solved using the moving pivot technique,
which is explained in detail elsewhere (Kumar and Ramkrishna, 1997).
To this aim, the two PBEs need to be discretized in L, so that the partial
differential equations are transformed into sets of ordinary differential
equations.
Figure 5.1 shows two simulations where the above isothermal crystallization of α-L-glutamic acid has been started at S = 5 with a seed mass
of 1% of the final yield. The two simulations refer to a case without
sampling loop (CSTR only, solid lines) and to a process where the
sampling loop is operated with a set of parameters for a worst case
scenario (dashed lines), consisting of a very high dilution ratio ω = 100
and a realistic velocity u3 = 1 cm/s. Even at high dilution, the sampling
loop disturbs the process in a negligible manner as can be seen from the
simulation results in Figure 5.1. The effect on the concentration in the
CSTR is negligible as shown in Figure 5.1a, in Figure 5.1b it can be seen
that the particle size distribution is shifted to bigger particle sizes, but
the effect is rather small.
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Figure 5.1: (a) Concentration profiles and (b) particle size distributions obtained for a simulation with (dashed
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5.2

2D Growth Model for Parameter Estimation

This section has been published in Ochsenbein et al. (2013a). The evolution of an ensemble of particles during a crystallization process can be
described using population balance equations as shown in the previous
section. In order to model particles with multiple characteristic lengths
it is necessary to use a multidimensional PBE, where the different dimensions correspond to the characteristic lengths in the corresponding
particle model. A formulation of such a PBE for a well-mixed batch
reactor for an n-dimensional system is given by
n

∂f X ∂ (Gi f )
+
= B − D;
∂t
∂Li
i=1

(5.7)

f = f (t, L) is the continuous particle density function, Li is the characteristic length in the ith dimension and Gi is the corresponding growth
rate. The terms B and D on the r.h.s. of Eq. (5.7) correspond to “birth”
and “death” phenomena, respectively, which can arise due to nucleation,
agglomeration and breakage events. In the work focusing on estimating
the growth rate if β L-Glutamic acid crystrals, the aim is to exclusively
determine the growth kinetics in all characteristic dimensions. Hence,
the experiments carried out were designed such that nucleation, agglomeration and breakage occur at a negligible level, so that one can assume
B = D = 0. For a two-dimensional system, these assumptions allow
reducing the PBE to:
∂f
∂ (G1 f ) ∂ (G2 f )
+
+
=0
∂t
∂L1
∂L2

(5.8)

The rate of growth Gi = Gi (T, S, L; p) is defined in general as a function
of the temperature T , the supersaturation S, particle size L, and a set
of parameters p. The supersaturation is defined as
S=

c
c∗ (T )

(5.9)

where c is the solute concentration in the liquid phase and c∗ (T ) is the
solubility. The initial and boundary conditions for the PBE are written
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as
f (0, L) = f0 (L)

(5.10)

f (t, 0) = 0

(5.11)

where f0 (L) is the PSD of the seed particles. To satisfy the mass balance,
an equation for the solute concentration in the liquid phase is needed. A
general formulation for a closed system is given by
Z
dc
d
= −ρc
Vc (L) f (t, L) dL
(5.12)
dt
dt
C

where C is the size domain, ρc is the density of the crystalline phase and
Vc (L) is the volume of the crystal with characteristic size L. In particular,
for the cylindrical particles, Vc (L1 , L2 ) = kv L1 L22 and Eq. (5.12) can
therefore be expressed as:
dc
dµ1,2
= −kv ρc
dt
dt

(5.13)

where kv = π/4 is the volume shape factor of the crystals and µi,j are
the cross-moments of f (t, L1 , L2 ) defined as
Z∞ Z∞
µi,j =
0

Li1 Lj2 f (t, L1 , L2 ) dL1 dL2

(5.14)

0

The initial condition for Eq. (5.12) is:
c(0) = c0

(5.15)

where c0 is the initial solute concentration.
It is important to highlight the fact that Eq. (5.8) is a valid description
for the evolution of a particle population only if none of the particles experiences the appearance or disappearance of a facet. This is always the
case for the systems considered for β L-Glutamic Acid. To make an example, for the cylindrical particles, the condition is always fulfilled as the
facet normal vectors lie orthogonal to each other. Solution methods for
the general case have been reported elsewhere (Singh and Ramkrishna,
2013).
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A high resolution method was chosen to solve the resulting multidimensional partial differential equation. As in other approaches, the partial
differential equation is transformed into a system of ordinary differential
equations via discretization of the space domain.
High resolution schemes make use of flux-limiters which control fluxes
across boundaries based on some local smoothness condition. The resulting algorithm exhibits greatly reduced numerical oscillations while still
leading to excellent accuracy with a comparably low computational burden. Several different flux-limiter functions can be found in the literature,
leading to different high resolution methods. For this work, the van Leer
(van Leer, 1974) flux-limiter was used, as it was found to yield satisfactory results. High resolution schemes can easily be extended to multiple
dimensions (Leveque, 2002; Ma et al., 2008) and have been shown to
give excellent performance compared to other solution methods (Mesbah et al., 2009). For this work, the number of grid points was typically
around 100 in each dimension, thus resulting in a total number of bins
of the order of 102n .

5.3

Multidimensional agglomeration modeling

This section will be published as Ochsenbein et al. (In preparation) and
explains how agglomeration of elongated particles can be described using
a PBE framework. As pointed out in Section 2.1.2, while the classification of particles into primary crystals and agglomerates is feasible (see
Section 4.1.3), no practically useful way of describing and measuring
the shape of agglomerates is available and, as a consequence, agglomerates are best characterized by a single descriptor. Measurements of an
agglomerating substance with the second generation flow through cell
setup outlined in Section 3.1.3.2 hence result in a set of two particle size
distributions of different dimensionality, a situation which can be compared to monitoring the polymorphic transformation between α and β
form of L-glutamic acid as shown in Section 6.1.3.
The possibility to distinguish these two types of particles can be used
to develop a custom population balance equation framework, where the
evolution of the two populations of primary particles and agglomerates
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in the absence of nucleation is given by two partial integro-differential
equations
n

∂fs X ∂Gi fs
+
= −Ds
∂t
∂Li
i=1

(5.16a)

∂Ga fa
∂fa
+
= Ba − Da
∂t
∂va

(5.16b)

where fs and fa are the number densities of complex-shaped primary
particles and agglomerates, respectively. Note that Eq. (5.16b) was written in terms of the agglomerate volume for the sake of clarity. In Eq. (5.16),
G denotes growth rates of particles while B and D indicate birth and
death terms. Assuming agglomeration to be irreversible, the agglomerate population serves as the only sink in the system and hence the PBE
of complex-shaped particles does not contain a source (or birth) term,
however, expressions for the remaining terms on the r.h.s. of Eq. (5.16)
need to be found.
The rate of disappearance of particles for the complex-shaped distribution can be written as the sum of the disappearance due to collisions
of cylindrical particles with one another and the disappearance due to
collisions with agglomerates, i.e.

Ds (L) =Dsss + Dssa
Z
=f (L)
β (L, L0 ) f (L) dL
Ω
Z ∞
+ f (L)
β (L, va ) f (va )dva

(5.17a)

(5.17b)

0

where one uses an abbreviated notation β(L, L0 ) = β(L1 , L2 , . . . , L01 , L02 , . . .)
and β(L, va ) = β(L1 , L2 , . . . , va ) to emphasize the fact that the agglomeration kernel depends on the characteristics of the two colliding particles,
regardless of the number of characteristic lengths describing the shape
of crystals. Also note that - in general - β is a symmetric function in the
sense that β(L, L0 ) = β(L0 , L).
The death term in Eq. (5.16b) can be written in a similar fashion as
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Da (va ) =Daas + Daaa
Z
=fa (va )
β (va , L) fs (L) dL
Ω
Z ∞
+ fa (va )
β (va , va0 ) fa (va0 ) dva0

(5.18a)

(5.18b)

0

The birth term of agglomerates, on the other hand, is a sum of the three
contributors of the previously explained death terms and has to account
for each of the possible events:

Ba = Baaa + Baas + Bass

(5.19)

A detailed analysis of this PBE framework will be given in Ochsenbein
et al. (In preparation). Different expressions for the agglomeration kernel
β will be tested and compared to measurement results obtained based
on the image analysis procedure as shown in Section 4.1.3. The expected
deliverable is an estimate of kinetic parameters that allows to describe
the process and investigate the shape dependence of the agglomeration
kernel.
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Chapter 6

Experimental Results

6.1

Characterization of the particle ensemble
measurement systems

6.1.1

Comparison to reference measurement techniques

6.1.1.1

First Generation Setup Performance

The capabilities of the setup and protocol for the measurement of size
and shape distributions was demonstrated and pubslished in Schorsch
et al. (2012). To this aim, one has chosen five types of particles and
crystals that could be represented reasonably well by spheres, needles
and cuboids. In the following results about these five systems are reported, referring to both static and dynamic measurements, i.e. experiments
where the particle ensemble either does not evolve in time or it does because of crystal growth.
For the first generation setup, very small objects, i.e. below 10 µm, are
not considered, i.e. if they appear in the images, they are neither classified nor counted. Due to the limited resolution and magnification of the
optical setup and the resulting discretization errors, an accurate classification and size calculation would indeed be difficult. Since in this thesis
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only seeded processes with seeds larger than 10 µm are investigated, the
resulting error is expected to be negligible. If one wanted to monitor
processes where nucleation occurs, then a different approach would be
needed.
In order to compare the measurement protocol with an established offline measurement system, i.e. Beckman Coulter Multisizer 3 (Beckman
Coulter, Nyon, Switzerland), a suspension of spherical latex beads with
a modal diameter of 64.1 µm (Beckman Coulter, Nyon, Switzerland) was
characterized. The Coulter multisizer measures number and volume of
the particles according to the Coulter principle with a high resolution in
the range from 0.4 to 1200 µm and is generally accepted as a standard
technique for particle size measurement. The latex beads are commonly
used to calibrate the Coulter Multisizer (CM) and have been certified
by the National Institute of Standards and Technology (NIST).
Three samples of the standard suspension were prepared and measured
by the FTC and the CM. In all measurements, more than 6 × 104
particles were analyzed. In Figure 6.1 the normalized number density
distribution of the latex beads measured by both instruments is shown.
The three CM measurements overlap almost completely, as also the three
FTC measurements do. The measurements with the two different techniques agree well, and the PSD measured with the FTC has its mode in
agreement with the specification of the suspension as given by the manufacturer. The small difference between the PSD measured by the CM
and the FTC is within the size of one pixel in the images of the FTC and
hence may be considered as the best agreement possible with the given
combination of optical equipment and digital camera. At larger particle
sizes above 80 µm a few objects have been observed by the FTC that
were not measured by the CM. It is believed that these corresponds to
air bubbles, which can be easily excluded when measuring real crystals
because of their spherical shape.
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Figure 6.1: Number density distributions, q̂, of latex beads with a modal
diameter of 64.1 µm measured by the FTC and a Coulter Counter Multisizer. The beads are commonly used to calibrate particle size measurement devices. The grid used to discretize the distribution measured via
the FTC is the same logarithmic grid with 300 bins between 14.1 µm
and 336 µm as used by the Coulter Multisizer.

97

6.1.1.2

Second Generation Setup Performance

In this section the PSD measured with the second generation flow through
cell was compared to an independent measurement as published in Schorsch
et al. (2014). Two suspensions of latex beads of 65 µm and 85 µm (Beckman Coulter, Nyon, Switzerland) were measured by the FTC and a
Coulter Multisizer II (CC, Beckman Coulter, Nyon, Switzerland), i.e.,
a commonly accepted and reliable particle size measurement tool. The
latex beads are commonly used to calibrate particle size measurement
devices and are therefore expected to be exactly of the specified size. In
Figure 6.3 raw and processed images of these particles obtained in the
FTC are reported together with scanning electron microscopy (SEM)
images. The CC directly measures the volume of the particles that is internally converted into a volume-equivalent sphere diameter, which can
easily be compared to the generic sphere particle class diameter obtained
with the flow through cell.
In Figure 6.2 the number based distributions, q̂, of both devices using
identical grids are shown. Table 6.1 lists x10 , x50 and x90 values of both
distributions as measured by the FTC and the CC. The two outputs
overlap, the peaks of both distributions are at the expected positions and
only minor discrepancies are observable. The new setup is therefore found
to have an excellent accuracy that excels even the high performance
shown in previous work (Schorsch et al., 2012).

Table 6.1: x10 , x50 and x90 values of both distributions as measured by
the FTC and the CC

FTC - 65 µm
CC - 65 µm
FTC - 85 µm
CC - 85 µm

x10 [µm]
37.85
34.57
59.48
45.76
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x50 [µm]
63.94
63.37
86.95
86.95

x90 [µm]
68.74
67.51
94.33
91.80

0.25

q̂ [µm − 1]

0.2

0.15

85 µm CC

85 µm FTC

65 µm CC

65 µm FTC

0.1

0.05

0

40
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80

L 1 [µm]

100

120

140

Figure 6.2: Number density distributions, q̂, of two latex beads populations with modal diameters of 65µm and 85µm measured by the FTC
and a Coulter Counter Multisizer (CC). The grid used to discretize the
distribution measured in the FTC is the same logarithmic grid with 300
bins between 22µm and 336µm as used by the Coulter Multisizer.
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Figure 6.3: Exemplary flow through cell and scanning electron microscope images of the latex beads used
in the characterization of the setup. In the first and fourth column raw photographs obtained by the two
cameras in the flow through cell are shown. In column two and three the corresponding analyzed images are
shown with the extracted contour curves highlighted in blue. Blue contour curves are those that are stored
and used for the particle classification and particle size calculation procedure. Red contour curves correspond
to the external boundary or to internal objects (e.g. reflections inside a transparent region of a crystal) and
are not used. In column five a scanning electron microscope image of the particles and the indication of the
typical generic particle class are given.
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6.1.2

Dynamic behavior of the system

6.1.2.1

First Generation Setup Performance

This section has been shown in Schorsch et al. (2012). The second characterization experiment for the first generation setup involved two families
of spherical glass beads, namely 3.5 g of the sieve fraction 80 to 150 µm,
and 2.0 g of the sieve fraction 40 to 70 µm. It was aimed at verifying the
speed of response of the instrument and the measurement protocol to
changes in the PSD of the suspension, and its accuracy in distinguishing
between the two families also quantitatively.
The larger beads were suspended first and the suspension was continuously monitored using the FTC; after eight minutes the smaller beads
were added to the suspension that was then monitored for fourteen more
minutes. The time resolved number weighted and volume weighted distributions q̂ and q̂ V are plotted in Figure 6.4; note that both are normalized. The instrument takes ten pictures per second, and it takes two
minutes to obtain enough particle images to generate an accurate distribution. The current PSD, calculated based on the pictures collected over
the previous two minutes, is shown every thirty seconds in Figure 6.4,
so as the forty-four distributions plotted as a function of time generate
a rather smooth surface.
The dynamic of the experiment is evident by observing either of the two
distributions in Figure 6.4. The small glass beads in fact appear immediately after their addition in the measured PSD, which becomes bimodal,
and their corresponding peak stabilizes about four minutes after addition. Such a delay is understandable considering three effects: the time
required for complete mixing of the new beads with the old ones in the
stirred tank (not easy to estimate), the residence time of the suspension
in the sampling loop (about thirty seconds) and the time required to
collect enough particle images (two minutes). It is worth noting that the
peak in the volume weighted PSD associated to the large beads is more
scattered than the peak associated to the small beads. This is again understandable when looking at the number weighted PSD, where it is clear
that the number of large beads is much smaller than that of small beads.
Since each large bead contributes more to the overall volume PSD, any
small fluctuation in time or characteristic length in the number of large
beads causes a proportionally larger fluctuation in the volume weighted
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PSD. This is evident also in the single volume weighted PSD measured
twenty minutes after the beginning of the experiment (twelve minutes
after addition of the small beads) and plotted in Figure 6.5.
With reference to the same figure, the PSD can be used to estimate
the relative amount of the two families of beads. To this aim two normal
distributions have been fitted, one for each family of beads, in such a way
to minimize the difference between the two number weighted PSDs, i.e.
the one measured and that calculated from the two normal distributions.
The quality of the fitting is shown in terms of a volume weighted PSD
in Figure 6.5. From the two best-fit normal distributions the relative
amount of the two families can be calculated. This exercise has been
repeated for ten PSDs measured between twelve and twenty-two minutes
after the beginning of the experiments, thus obtaining an average amount
of small beads of 38.1%, with a standard deviation of less than 1%, which
compares very well with the real value of 36.4%, i.e. 2 g of small beads
in 5.5 g of beads in total.
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Figure 6.4: (a) volume weighted PSD, q̂ V , and (b) number weighted PSD, q̂, of two glass bead sieve fractions
at different times. The first glass bead fraction (80-150 µm) is present from the beginning, while the second
fraction (40-70 µm) is added at t = 8 min (indicated by the arrow). The measured PSD becomes constant
after about four minutes, i.e., at minute 12. Please note that the time axis in the right figure has been reversed
to point out the ratio of the number of small and large particles after the addition of the second fraction.
The grid has a spacing of 5 µm.
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Figure 6.5: Measured (solid line) and calculated (dashed line, based on
fitting the corresponding q̂ distribution) q̂ V curves of the two glass bead
sieve fractions at time t = 20 min. The grid spacing is 5 µm. q̂ V data at
different times is used to compare the estimated percentage of the mass
of small beads in comparison to the larger spheres. At t = 20 min the
ratio was calculated as 38.8 wt% to 61.2 wt%. The average ratio was 38.1
wt% of small beads to 61.9 wt% of large spheres. The weighted in ratio
was 36.4 wt% of small beads and 63.6 wt% of large beads (corresponding
to 3.5 g of large and 2 g of small spheres).
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6.1.2.2

Second Generation Setup Performance

This experiment is a repetition of a previously conducted experiment
(see previous chapter, published in Schorsch et al. (2014)) in which two
populations of particles, i.e., glass beads with sieve fractions between
80-150 µm (2 g) and 0-60 µm (1 g), are measured. A sample figure is
shown in Figure 6.6. Initially, only the population of large spheres is
present. After 20 minutes, the second population is added to the system.
The number and volume weighted PSDs, q̂ and q̂ V , are reported with
a 30 second time resolution in Figure 6.7(a) and Figure 6.7(b), respectively. The change in the output response in form of the emergence of the
second peak is immediate. A steady signal can be observed after about
two sampling intervals, i.e., one minute. Considering the delay created
by mixing and pumping suspension from the crystallizer to the measurement cell the result is very satisfactory. Note that in q̂ V large beads are
much more prominent than in q̂ as a relative small number of large beads
has a bigger impact on volume than a large number of small beads. In
Figure 6.8 the volume weighted PSD after the addition of the second
sieve fraction, i.e., at t = 30 min, is shown. Even though the size ranges
of the two sieve fractions do not overlap the measured distribution shows
that the PSDs are in fact slightly overlapping. In order to compare the
measured weight fraction of each sieve fraction to the weighted in values,
one thus fits a a normal distribution to each of the two peaks in the underlying q̂ distribution (c.f. Figure 6.8). One finds 35 wt% small spheres
and 65 wt% large spheres which compares favorably with the weighted
in 33 wt% (1 g) to 67 wt% (2 g). The small observed difference could be
due to an imperfect sieving operation, i.e., by having some small spheres
in the sieve fraction of the large spheres (see Figure 6.7(a)) or it could
be caused by small air bubbles that cannot be distinguished easily from
glass beads by the particle classification algorithm.
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Figure 6.6: Exemplary flow through cell and scanning electron microscope images of the glass beads used
in the characterization of the setup. In the first and fourth column raw photographs obtained by the two
cameras in the flow through cell are shown. In column two and three the corresponding analyzed images are
shown with the extracted contour curves highlighted in blue. Blue contour curves are those that are stored
and used for the particle classification and particle size calculation procedure. Red contour curves correspond
to the external boundary or to internal objects (e.g. reflections inside a transparent region of a crystal) and
are not used. In column five a scanning electron microscope image of the particles and the indication of the
typical generic particle class are given.
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Figure 6.7: Characterization of the time resolution of the measurement setup: a) Number weighted PSD, q̂,
and b) volume weighted PSD, q̂ V , of two glass bead sieve fractions at different times. The first glass bead
fraction (80-150µm) is present from the beginning, while the second fraction (0-70µm is added at t = 24
min (indicated by the arrow). The measured PSD becomes constant after about one minute. Note that the
time axis is reversed from a) to b) to point out the ratio of the number of small and large particles after the
addition of the second fraction. The grid has a linear spacing of 10 µm.
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Figure 6.8: Measured (solid blue line) and calculated (dashed grey lines;
based on fitting a normal distribution on each peak in the corresponding
q̂ distribution) q̂ V distributions of the two glass sphere sieve fractions at
time t=30 min. q̂ V data at is used to compare the estimated percentage
of the mass of small beads in comparison to the larger spheres. The
average ratio was calculated to be 35 wt% of small beads to 65 wt% of
large spheres. The weighted in ratio was 33 wt% of small spheres and 66
wt% of large spheres.
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6.1.3

Shape Classification

This experiment has been reported in Schorsch et al. (2012). L-glutamic
acid has two polymorphs with markedly different shape (Sakata and
Takenouchi, 1961); the metastable α-form is prismatic whereas the thermodynamically stable β-polymorph has a needle-like shape as shown in
Figure 6.10 and Figure 6.11. A suspension where both forms are present
offers the opportunity to test the shape class discrimination capabilities
of the protocol that is proposed.
Crystals of the α polymorph have been prepared by mixing equal amounts
of a 0.4 molar monosodium glutamate monohydrate solution (purity ≥
98%, Sigma-Aldrich) with a 0.4 molar hydrochloric acid solution (37%,
Sigma-Aldrich) at 5◦ C. After 45 minutes of stirring, the crystals were collected, dried, and sieved. Needle like crystals of the β polymorph were
produced by adding 5 g of the α crystals into 1 L of a saturated (with
respect to the α polymorph) water/glutamic-acid mixture and stirring
for 24 hours at 45◦ C, so as to allow for the solvent mediated polymorph
transformation from the α to the β form (Scholl et al., 2007, 2006) to
be completed. Thereafter, the produced β needles were withdrawn from
the crystallizer and dried. An amount of 1 g of α crystals and of 0.226 g
of β crystals were suspended in a 2 L aqueous solution, which was previously saturated in the α polymorph. The experiment was carried out
for a short time at 5◦ C, i.e. a temperature where both the polymorph
transformation and the growth of β crystals, due to the prevailing supersaturation with respect to the β polymorph, are so slow to be neglibile
in practice.
When analyzing the particle images taken in the suspension of α and β
crystals, the image analysis algorithm first classifies the crystal as needle
or cuboid, then it calculates the corresponding two or three characteristic
lengths of the crystal. In this way, the algorithm generates two PSDs,
namely a 2D distribution of needles that should mainly contain β crystals and a 3D distribution of cuboids, i.e. mainly α crystals. The former
(volume weighted) is visualized using red contour lines on the (L1 , L2 )
plane of Figure 6.9. The latter (also volume weighted) is shown in Figure 6.9 in its 3D representation using contour surfaces of different grey
intensity and transparency levels to allow for a better visualization.
In order to compare the two PSDs of different number of characteristic
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lengths, two things have been done. On the one hand the 2D PSD of
β crystals (with characteristic lengths L1 and L2 ) has been blown out
0
0
to generate
p the corresponding 3D PSD by assigning L1 = L1 and L3 =
0
L2 = L2 π/4, which is equivalent to transforming the cylinder of length
L1 and thickness L2 (with volume πL1 L22 /4) into a pillar of length L01
and thickness L02 (of volume L01 L02
2 ), i.e. to going from one to another
physically reasonable representation of the β needles. The 3D PSD of β
needles thus obtained has been plotted in the (L1 , L2 , L3 ) space using
red contour surfaces in Figure 6.9.
On the other hand the 3D PSD of α crystals has been projected onto the
(L1 , L2 ) plane (black contour lines) by constructing the q̂3V (L1 , L2 ) distribution defined by Eq. (4.25). The comparison between the 2D PSD of
α crystals thus obtained and the original 2D PSD of β crystals highlights
the very different average aspect ratios of the two families of crystals,
namely about 1.3 for the prismatic α crystals and about 4.0 for the
columnar β crystals.
The total volume of all cuboids and needles can be calculated as

Vα =

Nα
X

L1,i L2,i L3,i

(6.1)

i=1
Nβ
πX
L1,i L22,i
Vβ =
4 i=1

(6.2)

where Nα and Nβ are the number of measured prisms and needles
respectively, and L1,i , L2,i and L3,i are the corresponding characteristic lengths. Since the crystal densities of the two polymorphs are the
same (Scholl et al., 2006), Vα and Vβ are proportional to the masses of
α and β crystals suspended, respectively. Using the FTC and the image analysis algorithm a 85% amount of prisms has been measured, as
compared to 82% of α crystals, that have been suspended. The rather
small difference in the estimated weight fractions may be caused by several phenomena. First, in principle agglomerates or rare α crystals with
a very high aspect ratio may be falsely identified as needle particles.
Secondly, in practice breakage is more likely to occur in case of needles
than of prisms thus yielding small particles and fragments that tend to
be assigned to the cuboid class. Finally, elongated particles are more
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likely to undergo selective sampling at the entrance of the tubing of the
sampling loop, whith a resulting decrease of their measured mass fraction. Nevertheless, the experiment is considered as of success, because it
opens up the possibility of monitoring the polymorph transformation in
the case of two forms that are geometrically very different.
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Figure 6.9: Contour surface plots of the volume weighted 3D PSD q̂ V of
L-glutamic α (black) and β(red) crystals and contour line plot q̂3V (same
colors) in the (L1 , L2 ) plane. In order to be able to plot the 2D PSD of
the needle particle class into the same diagram,
L1 and L2 have been
p
substituted as L01 = L1 and L03 = L02 = L2 π/4. Contour surface values
of the 3D PSD are: 0.2 µm−3 , 1.2 µm−3 , 4 µm−3 . Contour line values are
0.018 µm−2 , 0.036 µm−2 , and 0.054 µm−2 . The grid is equally spaced at
20 µm in each direction. The numbers give the slope of constant aspect
ratio lines that are indicated by dashed lines. The values are L1 /L2 = 1.3
and L1 /L2 = 4.0.
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Figure 6.10: Light microscope image of α L-Glutamic acid.
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Figure 6.11: Light microscope image of β L-Glutamic acid.
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6.1.4

Crystal Growth of Aspirin (2D)

This experiment has been presented in Schorsch et al. (2012). It demonstrates the capability of the new protocol and setup (first generation)
to follow the evolution of a population of seed crystals that grow in
suspension upon cooling. Crystals of acetylsalicylic acid (ASA, purity
≥ 99.0%, Sigma Aldrich) grown from water is considered. As shown in
Figure 6.13, ASA crystals have an elongated shape that is assigned by
the image analysis algorithm to the class of 2D needles.
ASA seeds were produced in a water/ethanol 75/25 w/w solution by
unseeded cooling crystallization from 40℃ to 20℃ at a cooling rate of
2℃/h. Crystals with the shorter length smaller than 125 µm have been
isolated by sieving, then filtered and dried. Seeds were re-suspended in
a saturated water solution (1 g crystals in 2 L water), and then the
suspension was cooled linearly (from 33℃ at 2.5℃/h) while stirring at
250 rpm.
Figure 6.12 shows the 2D volume weighted PSD of ASA crystals at the
beginning of the cooling crystallization, i.e. the ASA seeds (red contour
lines), and after two hours (black contour lines). Both sets of contour
lines are centered around the straight line corresponding to an aspect
ratio L1 /L2 of 2.5. This indicates that in this case and under these conditions the seed crystals grow without any appreciable change of shape.
The broadening of the PSD as it grows might be due to breakage and
agglomeration.
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Figure 6.12: Contour line plots of the volume weighted 2D PSD q̂ V in the
(L1 , L2 ) plane at the beginning, i.e. seeds, (red) and end (t = 120 min,
blue) of the seeded cooling crystallization experiment of acetylsalicylic
acid. Contour line values are 0.2, 0.4, 0.6, 0.8 of the maximum of the
PSD. The grid has a spacing of 33 µm in both L1 and L2 directions.
Constant aspect ratio lines (L1 /L2 = const.) are given as dotted lines.
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Figure 6.13: Light microscope image of Acetylsalicylic acid.
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6.1.5

Crystal Growth of Paracetamol (3D)

6.1.5.1

First Generation Setup

This experiment has been presented in Schorsch et al. (2012). It follows the logic of the experiment presented in Section 6.1.4 using cooling
crystallization on paracetamol (acetaminophen, purity ≥ 98.0%, Sigma
Aldrich) in water. Paracetamol crystals (Figure 6.15 are mostly prismatic hence assigned to the class of 3D cuboids. Paracetamol seeds were
produced in ethanol by cooling very rapidly a saturated solution from
30℃ to 0℃. The sieve fraction between 125 and 250 µm was isolated,
then filtered and dried.
Figure 6.14 illustrates the results of the seeded cooling crystallization
of paracetamol, by showing the volume weighted PSD of the seeds (in
Figure 6.14a, in blue) and of the final crystals (in Figure 6.14b, in red).
The 3D PSDs are shown as contour surfaces in the (L1 , L2 , L3 ) space,
and also as contour lines of the corresponding 2D distribution when
projected onto the three 2D subspaces, i.e. onto (L1 , L2 ) as q̂3V (L1 , L2 )
as defined by Eq. (4.25), onto (L2 , L3 ) as q̂1V (L2 , L3 ) and onto (L1 , L3 )
as q̂2V (L1 , L3 ). As in the case of ASA, it is rather evident that the initial
and final PSDs conserve all three aspect ratios, as shown by the position
of the contour lines in the 2D projections with respect to straight lines
at constant aspect ratio. Note also that the three values of the average
aspect ratios are consistent with each other.
Beside the initial and final PSDs, the evolution of the distribution during the whole crystallization process is illustrated in both parts of Figure 6.14. In particular the 3D line defined by the evolution in time of the
moments representing the volume weighted average characteristic length
is plotted as a sequence of symbols (blue and red are the initial and final point corresponding to the initial and final distributions, which are
connected by the black symbols). The same line is also projected on the
three 2D subspaces for the sake of comparison with the 2D projections
of the PSD. Note that the average lengths are defined as µ2,1,1 /µ1,1,1 for
L1 , µ1,2,1 /µ1,1,1 for L2 , and µ1,1,2 /µ1,1,1 for L3 .
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(b) t = 350 min

Figure 6.14: Contour surface and contour line plots of the volume weighted 3D PSD q̂ V of paracetamol
crystals measured during cooling crystallization in water. Values of contour lines of the 2D PSD projections
q̂3V onto the (L1 , L2 ) plane, q̂2V onto the (L1 , L3 ) plane, and q̂1V onto the (L2 , L3 ) plane are: 0.018 µm−2 ,
0.036 µm−2 . Contour surface values of the 3D PSD are: 0.5 µm−3 , 0.8 µm−3 , 1.1 µm−3 . Values of the ratio
of µ2,1,1 , µ1,2,1 and µ1,1,2 over the µ1,1,1 moment of the distribution at different times are plotted as filled
circles into the (L1 , L2 ), (L1 , L3 ), (L2 , L3 ) planes and the (L1 , L2 , L3 ) space. Blue circles indicate this ratio
at t = 5 min, red circles at t = 350 min respectively. Dashed lines are given as a visual guide, slopes are
µ2,1,1 /µ1,2,1 = 1.38, µ2,1,1 /µ1,1,2 = 1.97, and µ1,2,1 /µ1,1,2 = 1.43.

(a) t = 5 min

Figure 6.15: Light microscope image of Acetaminophen.
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6.1.5.2

Second Generation Setup

This section was published in Schorsch et al. (2014). Let us consider
the seeded cooling crystallization of complex-shaped acetaminophen (see
Figure 6.16), which is recognized as cuboids by the particle classification,
thus resulting in a three dimensional PSD. The experimental conditions
were chosen so as a direct comparison to the experiments presented in
Section 5.4 of Schorsch et al. (2012) can be performed in order to highlight the improved accuracy and stability for long term use of the new
measurement setup.
Acetaminophen seeds were produced by rapidly cooling a saturated solution of acetaminophen and water (Sigma Aldrich, purity 98.0%) from
40℃ to 10℃. The product was filtered, dried, and sieved. The sieve fraction between 125 and 250 µm was used. A suspension of 1.5 g crystals in
1.5 L saturated acetaminophen in water solution was created at 30◦ C. At
time t = 0 min cooling was started at a rate of 0.5℃/h for 10 hours until
a temperature of 25◦ C was reached. The temperature was subsequently
kept constant for 200 additional minutes. The three dimensional PSD is
shown as isosurface plots in Figure 6.17, red curves correspond to the seed
population and blue ones to the population at the final temperature at
the end of the cooling crystallization process. One can see how the entire
distribution moves in the (L1 , L2 , L3 ) space. The mean of the distribution is plotted onto the three two dimensional planes along with contour
lines of the corresponding projected two dimensional distribution. Unlike the case of β L-glutamic acid, the aspect ratio of the acetaminophen
crystal population changes slightly towards elongated particles which is
in agreement with previous observations (Kempkes et al., 2010c). More
importantly and in contrast to the sodium chloride case (agglomeration,
Section 6.1.6) and the β L-glutamic acid case (size dependent growth),
the width of the distribution does not change, but stays constant.
Acetaminophen crystals are fitted using a cuboid particle model with
three characteristic lengths. One can compare the outcome of this measurement to a CC where the volume equivalent sphere diameter is given
1/3
by Ld = (6L1 L2 L3 /π) . The resulting curve given by the FTC is reported in Figure 6.19 (dark blue curve, labeled as FTC cuboid model)
and Table 6.2 where one also indicate measurements of the same population performed using the CC (orange colors). The measurements were
repeated thrice, indicating the repeatability of the CC measurement. A
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discrepancy between the PSDs is visible, the cause of which is once again
a particle model mismatch. The effect for acetaminophen is more severe
than for β L-Glutamic acid due to the fact that the ideal acetaminophen
crystal shape is indeed not a perfect cuboid. While the obtained characteristic lengths retain meaning, this leads to a potential over- or underestimation of the particles volume.
Two possible remedies present themselves when information regarding
the correct crysal volume distribution has to be extracted from the Flow
Through Cell: First, a better description of the primary particle morphology can be used. Generic particle classes can be extended/replaced
and the procedure left intact, or alternatively, projections can be fitted directly to general polytopic particle models. However, while the
estimation of scaling vectors for polytopes is a topic of ongoing research
and algorithms capable of performing such analyses have been suggested
(Section 2.2), the reconstruction is computationally expensive and does
not address the issue of imperfect crystals which will always be present
in real experiments. As a second solution, calculation of the diameter of
the sphere with the same projection areas (as average of the distance of
the area center of each projection from both cameras) is suggested. The
resulting plot is shown as bright blue curve in Figure 6.19 (and labeled as
FTC diameter). The equivalent sphere diameter measure is conceptually
much closer to the measurement of the CC and thus also more comparable. While this is not a general result for all possible particle shapes,
for the case of acetaminophen, the resulting distribution agrees well with
the CC measurement and may be used as a reasonable approximation of
the true curve.
It should be noted that using any imaging setup to measure bulk quantities like the total crystal volume is not recommended and may generally
result in substantial errors. Instead, independent measurements of, e.g.,
the liquid concentration should be performed to complement the results
of the FTC.
Figure 6.18 finally shows the evolution of the volume based mean lengths,
i.e., µ211 /µ111 , µ121 /µ111 and µ112 /µ111 , in all three characteristic particle
dimensions for the experiment reported in Section 6.3 of the main paper.
The experiment starts from a saturated solution at 30◦ C which is then
cooled down to 25◦ C with a cooling rate of 0.5 K hr−1 . Hence, in the
first 50 minutes of the experiment where supersaturation builds up the
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particles are not yet growing appreciably. However, further cooling of the
solution leads to a supersaturation high enough for measurable crystal
growth as is reflected in the increasing mean lengths. The particle population keeps consuming supersaturation by growing in size while the
cooling ramp continues. Once the temperature is set to a constant value,
i.e., at t = 600 min, the crystals do not grow any further and a steady
length signal can be observed.

Table 6.2: x10 , x50 and x90 values of both distributions as measured by
the FTC and the CC for Acetaminophen product crystals of a cooling
crystallization run.

FTC cuboid model
FTC diameter
CC run 1
CC run 2
CC run 3

x10 [µm]
192
233
249
255
246
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x50 [µm]
286
331
342
342
331

x90 [µm]
415
434
419
406
406
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cam 1 contour
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cam 2 raw
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Figure 6.16: Exemplary flow through cell and scanning electron microscope images of the acetaminophen
crystals from cooling crystallization in water. In the first and fourth column raw photographs obtained by
the two cameras in the flow through cell are shown. In column two and three the corresponding analyzed
images are shown with the extracted contour curves highlighted in blue. Blue contour curves are those that
are stored and used for the particle classification and particle size calculation procedure. Red contour curves
correspond to the external boundary or to internal objects (e.g. reflections inside a transparent region of
a crystal) and are not used. In column five a scanning electron microscope image of the particles and the
indication of the typical generic particle class are given.
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t = 660 min

Figure 6.17: Seeded Acetaminophen cooling crystallization in water. Contour surface plots of the volume
weighted 3D PSD q̂ V of crystals (an example crystal is shown in Figure 6.16(e)) measured during the process.
Contour surfaces are drawn at values 0.4, 0.7, and 0.9 of the maximum of the PSD at the beginning (red)
and end (blue) of the experiment. The average lengths of the distributions are plotted as black circles into
the (L1 , L2 ), (L1 , L3 ), (L2 , L3 ) planes. Red circles indicate this ratio at t=0 min, blue circles at t=660 min,
respectively. Dashed lines are given as a visual guide at aspect ratios as indicated. Additionally the contour
line plots of the distributions are plotted into each plane at values of 0.07 µm−2 and 0.10 µm−2 .
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Figure 6.18: Evolution of volume based mean lengths in L1 (black
circles), L2 (dark grey circles), and L3 (bright grey circles) in the cooling
crystallization experiment of acetaminophen (cf. Section 6.3 in the main
paper). After 10 hours, the temperature was kept constant (indicated by
the solid red line).
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Figure 6.19: Volume density distributions, q̂ V , of the product crystals of
the cooling crystallization experiment of acetaminophen in water and for
which the evolution of the moments over time are reported in Figure 6.18
of this document measured by the FTC and a Coulter Counter Multisizer
(CC). The grid used to discretize the distribution measured in the FTC
is the same logarithmic grid with 256 bins between 36.5µm and 600µm
as used by the Coulter Multisizer.
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6.1.6

Crystal Growth of Sodium Chloride (3D Growth)

This section has been previously published in Schorsch et al. (2014) in
which one considers sodium chloride, which exhibits a cubic shape (see
Figure 6.20). Seed and product populations of a seeded cooling crystallization experiment are analyzed using the CC and the FTC.
Seeds were obtained by cooling a saturated solution of water and sodium
chloride (VWR, Dietikon, Switzerland, purity > 99.6%) from 50◦ C to
20◦ C. Product crystals were filtered and dried. A sieve fraction below
225 µm was used as seed material. Seeds are then put into a saturated
water/sodium chloride solution and cooled from 30◦ C to 20◦ C at a cooling rate of 5◦ C per hour. The product was collected, filtered and dried.
In Figure 6.21 the three dimensional PSD is shown in terms of isosurface
plots for seeds and product crystals. It is worth noting that the average
aspect ratio of both distributions in all directions is close to one as expected for sodium chloride. While an a priori restriction of L1 = L2 = L3 in
the image analysis code is possible, the 3D PSD reported in Figure 6.21
indicates that this is not a mandatory step, i.e., the shape analysis algorithm is able to recognize this feature of the distribution. Figure 6.22
shows the result of the comparison between FTC and CC as volume
weighted PSDs following the procedure as outlined in the introduction
of Section 6. One finds a very good agreement for both the seed and
product particle populations. The broadening of the distribution is observed independently by both measurement devices and is most likely
due to agglomeration, which can be seen in the FTC images, as well as
SEM images (cf. inset in Figure 6.22).
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Sodium Chloride

cam 1 contour

cam 2 contour

cam 2 raw

SEM

Figure 6.20: Exemplary flow through cell and scanning electron microscope images of sodium chloride crystals
from cooling crystallization in water. In the first and fourth column raw photographs obtained by the two
cameras in the flow through cell are shown. In column two and three the corresponding analyzed images are
shown with the extracted contour curves highlighted in blue. Blue contour curves are those that are stored
and used for the particle classification and particle size calculation procedure. Red contour curves correspond
to the external boundary or to internal objects (e.g. reflections inside a transparent region of a crystal) and
are not used. In column five a scanning electron microscope image of the particles and the indication of the
typical generic particle class are given.

cam 1 raw

Cuboid

t = 0 min

t = 240 min end

Figure 6.21: Seeded cooling crystallization of sodium chloride in water. Volume weighted q̂ V distributions at
the beginning (right, indicated with red/orange) and end (left, indicated with blue) of a seeded cooling crystallization experiment from 30◦ C to 20◦ C of sodium chloride (an example crystal is shown in Figure 6.20(e)).
The distributions are drawn as contour surface plots at values of 20%,30%, and 70% of the maximum of
the PSD. In addition, the average volume weighted lengths are drawn onto the corresponding 2D planes
(e.g., (µ211 /µ111 ,µ121 /µ111 ) is drawn into the (L1 , L2 ) plane at L3 = 400µm) and are indicated as circles.
Grey dashed lines in the three 2D planes indicate the aspect ratio as indicated by the number in the figure.
Additionally, contour lines are plotted into the (L1 , L2 ), (L1 , L3 ), (L2 , L3 ) planes at values of 0.018 µm−2
and 0.05 µm−2 . The grid is equally spaced at 20µm.
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Figure 6.22: Seeded cooling crystallization of sodium chloride in water.
q̂ V PSD data of the seed (orange/red) and product (blue) distributions
as shown and explained in Figure 6.21 as measured by a Coulter Counter
Multisizer (solid lines) and the flow through cell (dashed lines). Note that
in order to allow a comparison between the PSD data obtained from
the Coulter Multisizer which provides an equivalent sphere diameter, a
corresponding average size diameter Ld for the 3D PSD data as measured
by the FTC as given by Ld = (6L1 L2 L3 /π)1/3 was calculated. An image
of two agglomerates of sodium chloride as observed in the final product
and believed to cause the broadening of the product distribution is shown
in the upper right corner of the plot.
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6.2

Monitoring the solvent induced morphology change of Ibuprofen crystals

This section has been presented at the BIWIC 19 conference in Delft as
titled "Monitoring the solvent induced morphology change of Ibuprofen
crystals by a novel on-line imaging setup" and submitted by Schorsch,
S.; Vetter, T.; Mazzotti, M. in 2011.

6.2.1

Experimental setup and measurement techniques

The experiments described in this section were performed in a stirred
and thermostated 500 mL batch crystallizer equipped with an attenuated
total reflectance Fourier transform infrared (ATR-FTIR) spectroscope.
The reactor was additionally connected to the first generation stereoscopic imaging setup. In order to follow the Ibuprofen concentration in
the liquid phase and obtain solubility data, an ATR-FTIR (ReactIR
4000, Mettler Toledo, Greifensee, Switzerland) was used with a multivariate calibration model Cornel et al. (2008). Spectra were recorded
with 128 scans in intervals of 90 seconds. The crystal structure of the
dried product was investigated with powder X-ray diffraction (pXRD,
D8 advance, Bruker, FÃ¤llanden, Switzerland) for 2θ angles from 6 60℃. Optical microscopy was performed using a Zeiss Axioplan microscope (Feldbach, Switzerland).
The nD PSD which is required to quantify the effect of different solvents
on the shape of Ibuprofen crystals was measured using image analysis
employing the first geenration stereo imaging system and sampling loop
(see Section 3.1.3.1). The stereoscopic information is used to restore
the three dimensional shape and position of the object. In this work,
it is found that the produced crystals were generally described well by
cuboidal particle class with three characteristic lengths (L1 , L2 , and
L3 ). A collective of particles measured in a certain time interval can
then be used to calculate the corresponding 3D PSD. The measurement
setup measures a PSD consisting of 60,000 particles in approximately 5
minutes (depending on the suspension density in the reactor).
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6.2.2

Experimental Procedure

6.2.2.1

Solubility measurement

Solubility data for different Ibuprofen/ethanol/n-hexane mixtures in the
temperature range of 10-30℃ were obtained. In this system, ethanol
is a better solvent than n-hexane. Since the solubility is a function of
both temperature and solvent composition (i. e. the complete information is a solubility surface), two types of solubility lines were measured.
First, solubility was measured by gradually dissolving Ibuprofen crystals
suspended in a mixture of ethanol/n-hexane by increasing the temperature with a rate of 5℃/hr. The dissolution of Ibuprofen in mixtures
of ethanol/n-hexane is fast enough to consider the suspension always
to be in thermodynamic equilibrium during this slow heating process.
Second, isothermal solubility lines were measured by adding ethanol to
a suspension of Ibuprofen crystals in n-hexane. Since ethanol is the better solvent of the two, part of the crystals are again gradually dissolved.
During the temperature increase or the addition of ethanol, spectra were
continuously recorded. A calibration model was used to determine the
concentration of Ibuprofen and ethanol in solution.

6.2.2.2

Unseeded cooling crystallizations

Ibuprofen crystals with different shapes were produced through unseeded
cooling crystallization from different mixtures of ethanol and n-hexane.
To this end, a saturated solution of Ibuprofen in the solvent mixture
(saturated with respect to this compound) was cooled down from 14℃
to 0℃ at a cooling rate of 1℃/hr. At the end of the experiment the
crystals were stirred for an additional hour. After 15 hours in total, the
product slurry was filtered and dried in a vacuum chamber for 24 hours.
The different solvent compositions that have been studied are given in
Table 6.3. Product crystals were analyzed using light microscopy, X-Ray
diffraction and the image analysis technique described above.
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Table 6.3: List of solvent compositions during the Ibuprofen shape dependency study
Composition
25% Ethanol, 75% n-Hexane
50% Ethanol, 50% n-Hexane
75% Ethanol, 25% n-Hexane
100% Ethanol
6.2.2.3

Case
a)
b)
c)
d)

Results and Discussion

Solubility data obtained from ATR-FTIR measurements was used to
design cooling crystallization of Ibuprofen in different solvent mixtures of
ethanol and n-hexane, that is to determine the saturation concentration
for cases a) through d) at T =14℃. Figure 6.23 shows the solubility
surface as a function of temperature and composition. Black dots indicate
the points determined from the spectra by a multivariate calibration
model. The red surface is a third order polynomial fit. Solubility increases
with higher temperatures and higher ethanol contents.
The pXRD patterns shown in Figure 6.24 are nearly identical for cases
a) through d) which indicates that the different solvent compositions
did not lead to different polymorphs. The slight differences in intensity
of the individual peaks are likely to be caused by the different crystal
morphologies obtained.
Microscopic images given in Figure 6.25 show the change in crystal morphology from a needle type structure when crystallizing from 75% nHexane and 25% ethanol to a very compact structure when pure ethanol
is used as a solvent.
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Figure 6.23: Solubility surface of Ibuprofen as a function of temperature
and solvent composition.
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Figure 6.24: XRD spectra for cases a) through d).

Figure 6.25: XRD spectra for cases a) through d).
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The evidence for an impact of the solvent on the shape and size of crystals
observed by light microscopy can also be found when the whole particle
collective is analyzed by the FTC. Figure 6.26 shows the result of the
analysis as contour plots in the L1 -L2 and L1 -L3 planes. It can be found
that solvent composition case a) lead to the formation of particles with
a high aspect ratio in the L1 -L2 direction and an even higher ratio in the
L1 -L3 direction. This shape is commonly referred to as plates. As the
amount of ethanol increases from case a) to case d), the aspect ratios
get smaller until case d) very compact particles have been measured.
Average aspect ratios are shown in detail in Figure 6.27. Therefore the
successful manipulation of product shape by selecting different solvent
compositions and the statistical significant measurement of the effect by
using the first FTC measurement setup has been shown.

Figure 6.26: Contour plots of the volume distribution of Ibuprofen crystals as measured by the FTC/Image Analysis in the L1 -L2 and L1 -L3
planes. Contour lines are drawn at 0.1, 0.3, 0.5, 0.7, and 0.9 of the maximum value of the distribution.
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Figure 6.27: Aspect ratios of Ibuprofen crystals produced from different
solvent compositions.
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6.3

Abrasion of Potash Alum Crystals

In order to prove the usefulness of the proposed Minkowski addition of
polytopes and spheres to model particle abrasion, an experimental series
featuring aluminum potassium sulfate dodecahydrate (potassium alum,
purchased from Sigma Aldrich with a purity ≥ 98%) in water (deionized
water used in all the experiments is obtained from a MilliQ Advantage
A10 system (Merck Chemicals)) was chosen. Crystals grow from an isometric Pa-3 space group with a = 12.133 Å (Nyburg et al., 2000) where
the faces {111} are most prominent while they are accompanied by the
{110} and {100} faces leading to an octahedral crystal shape as it is
shown in the left of figure Figure 6.28.
Seed particles were produced by generating a saturated solution at 40o C
which was cooled down rapdily to 30o C. Product was collected and milled
down in a mortar to generate small particles. A second saturated solution
at 30o C was prepared and seeds were added. The suspension was slowly
cooled down to 20o C within 20 hours. Particles were filtered and dried
in open air. For the attrition experiments, saturated solutions of 500 mL
were prepared at 23o C. During all experiments the reactor was kept at
constant temperature to avoid heating up due to fast stirring. Five grams
of seed particles have been added to each experiment and the stirrer has
been set to 500 rpm (run 1) and 1500 rpm (run 2). At regular time points
of 60 minutes, as indicated in figure Figure 6.29, the stirrer was slowed
down to 250 rpm and crystals have been sampled and photographed for
five minutes. The images were acquired by the second generation flow
through cell setup. The image analysis is performed as described before:
global thresholding; contour extraction; matching of particles between
both projections (i.e., in camera image 1 and camera image 2) with
respect to common positions of objects in flow direction (z direction).
The result of these operations are sets of contour coordinates in x/z
direction and in y/z direction, respectively. The output contour data
was interpreted as described in Reinhold et al. (2014) and results in a
measure of particle roundness and average diameter.
Results of the experiments are shown in figure Figure 6.29 where the
mean of the measured distribution is plotted by the open squares and
circles. The total number of analyzed particles for each time point is not
plotted, but stayed mostly constant and a trend was not visible. From
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Figure 6.29, one can see an increase in additive roundness of about 15%
when comparing initial and final values.
The increase in additive roundness is expected and in correspondance
with recorded SEM images. Figure 6.28 shows some of the recorded
examples. The seed crystal is clearly faceted whereas product crystals
appear well rounded. In the middle SEM image, one might even conceive structures that appear to be impact craters. Despite this trend,
the measured increase was smaller than expected. A discussion about
possible limitations of this procedure along with a detailed analysis of
the results is available in Reinhold et al. (2014) and will be added to this
paragraph in time.
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Figure 6.28: SEM images of a seed crystal with clearly defined facets (left), a product crystal (500 rpm run)
with impact craters on its surface (middle), and an overview over product crystals (500 rpm run, right).
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Figure 6.29: Estimated additive roundness over time for the executed
experiment runs.
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6.4

Measuring the multidimensional Growth
Rates of β L-Glutamic acid

This section has been published in Schorsch et al. (2014). One considers
the β polymorph of L-glutamic acid, which grows in a needle-like shape
as can be seen in Figure 6.30 and is the thermodynamic stable polymorph
in water (Sakata et al., 1961). The solubility curves for L-glutamic acid
were measured previously (Schöll et al., 2006). The image analysis algorithm classifies these particles as needles and calculates a length L1
and diameter L2 . Binning and PSD calculation result in a two dimensional PSD.
In this section, one considers seeded crystallization experiments carried
out at constant temperature, but with different initial supersaturations,
so as the system is allowed to relax to thermodynamic equilibrium. Seed
crystals have been prepared in two steps. First, α L-glutamic acid crystals have been obtained through mixing of equimolar amounts of hydrochloric acid (Fluka, 37%) and L-glutamic acid monosodium salt hydrate
(Sigma Aldrich, purity > 99%) in water while stirring continuously for
one hour at 5◦ C (Cornel et al. (2009b)). Secondly, a saturated solution of
L-glutamic acid monosodium salt hydrate (Sigma Aldrich, purity > 99%)
and hydrochloric acid (Fluka, 37%) in water at 45◦ C has been prepared;
α crystals have been added and the solution was stirred for 50 hours to
ensure complete transformation to the β-form. Product particles were
sieved (< 63 µm) and filtered.
All experiments employing β L-Glutamic acid are executed by preparing
a saturated solution of water and equimolar amounts of the aforementioned hydrochloric acid and L-glutamic acid monosodium salt. Seeds
are added and the temperature is rapidly adjusted to generate the desired initial supersaturation S0 . In all experiments approximately 2 g of
seed crystals are added into 1,800 g of saturated solution.
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Figure 6.30: Exemplary flow through cell and scanning electron microscope images of β L-Glutamic acid
crystals from cooling crystallization in water. In the first and fourth column raw photographs obtained by
the two cameras in the flow through cell are shown. In column two and three the corresponding analyzed
images are shown with the extracted contour curves highlighted in blue. Blue contour curves are those that
are stored and used for the particle classification and particle size calculation procedure. Red contour curves
correspond to the external boundary or to internal objects (e.g. reflections inside a transparent region of
a crystal) and are not used. In column five a scanning electron microscope image of the particles and the
indication of the typical generic particle class are given. Note that in this case of β L-glutamic acid a few
particles touch the boundary of the photograph and thus are recognized as red contour data (belonging to
the image boundary).
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β L-glutamic acid

(a)

(b)

(c)

Figure 6.31: (a) Microscope images of β L-glutamic acid. (b) Facetted
crystal model based on a polytope. (c) Robust two dimensional needle
model.
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6.4.1

Characterizing β L-Glutamic Acid Growth

6.4.1.1

Steady State Characterization

In a first set of experiments, the steady state of the system was investigated, i.e., experiments with S0 = 1.00 (saturated solution) were carried
out. Obviously, one expects no changes in the measured PSD over time.
These crystals were then circulated through the FTC during four hours
while their PSD was continuously measured. Figure 6.32 shows the observed number weighted average length and diameter of the distribution.
Neither length nor diameter exhibit significant changes. Fluctuations in
the signal are in the range of 1 µm for the average length and less than
1 µm for the diameter, i.e., in the range of a single pixel. This constant
signal is a good indication that the measurement setup is non-invasive
and has no impact on the PSD in the crystallizer. Additionally, it gives
an impression of the expected order of magnitude of the measurement
error for experiments where crystal growth occurs.
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Figure 6.32: Number based average lengths in L1 direction, i.e., µ10 /µ00 ,
(left ordinate) and in L2 direction, i.e., µ01 /µ00 (right ordinate) of
seeded desupersaturation crystallization experiments of β L-glutamic
acid particle ensembles in water at different initial supersaturations S0 .
Constant signal as result of S0 = 1.00 measured continuously over 4
hours to give a baseline indication.
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6.4.1.2

Repeatability
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The next experiment aims at verifying the repeatability of the measurements, a prerequisite for drawing quantitative conclusions from experimental data. To this end, one prepares three identical solutions and
seed batches that are allowed to desupersaturate from S0 = 1.15 at
40◦ C. Average lengths and diameter for all three experiments are shown
in Figure 6.33. One can see prominent growth in the L1 direction and
moderate growth in the L2 direction. The overlap between all three experiments is excellent and gives confidence to use the setup and analysis
procedure for quantitative crystal growth observations.

20

Time [min]

Figure 6.33: Number based average lengths in L1 direction, i.e., µ10 /µ00 ,
(left ordinate) and in L2 direction, i.e., µ01 /µ00 (right ordinate) of
seeded desupersaturation crystallization experiments of β L-glutamic
acid particle ensembles in water at different initial supersaturations S0 .
Three desupersaturation experiments (indicated by black triangles, light
grey squares and dark grey circles) started at the same initial supersaturation at 40◦ C monitored continuously over 8 hours to show the
repeatability.
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6.4.1.3

Crystal Growth

Finally, a growth experiment carried out at S0 = 1.20 is presented. The
position of the volume weighted PSD, q̂ V , in the (L1 , L2 ) plane at two
different times is shown in Figure 6.35. Red contours belong to the seed
distribution, blue contours to the distribution after 240 minutes. Black
markers have coordinates given by µ22 /µ12 and µ13 /µ12 , and indicate the
position of the center of the PSD. These points lie on a straight line going
through the origin of the coordinate system, which indicates a constant
aspect ratio during crystal growth. Extensive broadening of the distribution, especially in the L1 direction, can be seen. It is believed that this is
an effect of size dependent crystal growth, which is thoroughly analyzed
in a separate publication (Ochsenbein et al., 2013a). The corresponding
number based average lengths and diameters are given in Figure 6.34.
Figure 6.36 shows a comparison of the 2D PSDs obtained from both the
automated stereoscopic microscopy technique of the FTC (blue) and the
PSD from a Zeiss Axioplan microscope where a number of images has
been recorded and the width and height of each needle have been measured manually (orange). It is important to point out that the sample size
of the automated measurement is much higher (> 30,000 particles) than
for the manual analysis (∼1,800 particles). Second, the image size and
magnification differ. In order to be able to measure also larger particles,
due to the smaller field of view in the microscope, a 5× magnification
was chosen resulting in a low visibility for small particles. Furthermore,
β L-Glutamic acid needles are facetted and will often orient themselves
flat onto the microscopy stage, which affects the measured width. The
length measurement from a planar observation is hence much more reliable than the width, which is only visible in a stereoscopic arrangement
such as the Flow Through Cell. Taking these limitations into consideration, the agreement between the two measurements is acceptable. The
comparison of the volume-based distribution obtained using the Coulter
Counter with the one measured by the FTC is reported, as described
at the beginning of Section 6, in the supplementary material. And I am
still faster than Martin :p
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Figure 6.34: Number based average lengths in L1 direction, i.e., µ10 /µ00 ,
(left ordinate) and in L2 direction, i.e., µ01 /µ00 (right ordinate) of
seeded desupersaturation crystallization experiments of β L-glutamic
acid particle ensembles in water at different initial supersaturations S0 .
Desupersaturation experiments of β L-glutamic acid started at an initial
supersaturation S0 = 1.20 at 40◦ C monitored continuously over 4 hours.
The corresponding contour line plot is reported in Figure 6.35.
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Figure 6.35: Seeded cooling crystallization of β L-glutamic acid in water.
Contour line plots of the volume weighted 2D PSD q̂ V in the (L1 , L2 )
plane at the beginning, i.e., seeds, (red) and end (t=240 min, blue) of
the desupersaturation experiment as explained in Figure 6.34 of β Lglutamic acid. Contour line values are 0.35, 0.5, 0.8 of the maximum
of the PSD. The grid has a spacing of 16µm in L2 and 40µm in L1
direction. In addition, the average volume weighted lengths µ22 /µ12 and
µ13 /µ12 are plotted into the (L1 , L2 ) plane as black circles (below the
contour lines). The grey dashed line is drawn at a constant aspect ratio
L1 /L2 = 1.
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Figure 6.36: Comparison of the volume density distributions, q̂ V , of
the product crystals of the cooling crystallization experiment of β LGlutamic Acid in water as shown in Figure 6.35 measured by the FTC
(thick blue) and a manual evaluation of images taken from a Zeiss Axioplan Microscope at 5x magnification (thin orange). The grid used to
discretize the distribution measured in the FTC and microscope is the
same as reported in Figure 6.35.
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6.4.2

Growth Rate Estimation Experiments

This work has been published in Ochsenbein et al. (2013a).

6.4.2.1

Experimental Campaign

Experimental setup. Experiments have been performed in a 2 L temperature controlled stirred tank crystallizer. A stirring rate of 250 rpm
was used in all experiments. The crystallization process was followed by
tracking the evolution of the nD PSD and the solute concentration in
the liquid phase as described below. Additionally, the crystallizer was
equipped with an FBRM that was used to detect the possible formation
of small particles due to nucleation and breakage. A scheme of the setup
is shown in Figure 3.14.

Measurement of nD PSDs. The second generation stereoscopic imaging apparatus was used to measure the evolution of the nD PSD (Schorsch
et al., 2014). Following the analysis protocols described earlier, crystals of sizes between 10 and 2000 µm are classified and the corresponding characteristic lengths for each object are calculated and stored in a
database. Elongated β L-Glu crystals are recognized as needles with a
length L1 and a diameter L2 . Finally, 2D PSDs, each containing about
50,000 particles, are reconstructed by combining measurements within
five minute intervals.

Concentration measurements. An ATR-FTIR spectrometer (ReactIR 45m, Mettler Toledo Switzerland) was used to monitor the concentration of L-glutamic acid in the liquid phase. To this end, the recorded
IR spectra were preprocessed by mean centering and taking their first
derivative. A calibration model was built using a partial least squares
multi-wavelength approach (Schöll et al., 2006; Cornel et al., 2009a;
Codan et al., 2013). Calibration data was recorded at different concentration and temperature levels, covering the entire experimental parameter
range.
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Small particle detection. In order to augment the detection of possible nucleation and attrition events (whose result is the formation of
particles < 10µm), an FBRM (Lasentech, Redmond WA, USA) was used.
Extracting quantitative size and shape data from FBRM measurements
is known to be cumbersome (Kail et al., 2008; Kempkes et al., 2008), so
that the FBRM was solely used to detect the formation of small particles
(Schöll et al., 2007).

Preparation of seed crystals To produce seed crystals a two step
process was followed. First, α L-Glu crystals were formed by mixing
equimolar amounts of NaGlu and HCl in water under continuous stirring
for one hour at 5℃ (Cornel et al., 2009a). Then, a saturated solution with
respect to the α form of L-Glu at 45℃ was created by mixing equimolar
amounts of NaGlu and HCl. The α crystals from step one were then
allowed to transform to the β polymorph over 48 hours, then sieved
(< 63µm), filtered and dried.

Experimental protocol for seeded desupersaturation experiments Saturated solutions have been prepared and seeds have been
added. The suspension was then kept at the initial temperature for at
least 90 minutes before being rapidly cooled down to a lower temperature to induce supersaturation. This temperature was kept constant and
particle growth was monitored as the system relaxed from the peak supersaturation S0 . As the transient region in the temperature profile is
small compared to the total duration of the experiment, the measured
evolution of the crystals essentially takes place at a constant temperature T . It has been shown previously that measurements obtained using
this procedure are repeatable (Schorsch et al., 2014).

Laboratory experiments For the laboratory experiments, a total of
eleven desupersaturation experiments at different operating conditions
were conducted to fit parameters. Also, two experiments at intermediate conditions were performed to verify the obtained result. The chosen
points cover a wide range in temperature and concentration while trying
to avoid nucleation of either polymorph and regions of extremely slow
growth (Cornel et al., 2009a). Figure 6.37 shows all experimental conditions that have been investigated in the phase diagram and Table 6.4
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gives an overview.
In addition, an experiment where β L-Glu crystals were stirred in a
saturated solution was performed to check if the crystalline needles are
prone to breakage at the given stirring rate. The evolution of the mean
length and width of the measured particles is reported already in Figure 6.32. As evident from the plot, needle breakage appears to be absent,
an observation that is supported by the raw images as well. Similarly,
no significant agglomeration was observed in the raw images of any experiment.
For the fitting, measured temperature profiles were approximated by
piecewise linear functions before being fed to the model, which then
simulated the evolution of each system after the onset of growth. Experiments were performed up until growth had virtually stopped, leading to varying experimental times. To ensure that long experiments do
not overly dominate the estimation, the number of measured points per
experiment was artificially upper bounded at 120, which was done by
subsampling the data when necessary. The resulting estimation is based
on a total of 108 hours of experimental data, which includes information
of roughly 50 million analyzed particles with sizes covering roughly three
orders of magnitude (10-1000 µm).

6.4.2.2

Maximum Likelihood Estimate

The parameter estimationwas done by finding the maximum likelihood
estimate (MLE) for the experimental measurements, i.e., the parameter
vector p∗ which maximizes the probability that the experimental data set
is obtained. Assuming that independent variables are deterministic, that
errors are normally distributed with zero mean and given variance, that
errors at different measurement times are uncorrelated and that errors
in the measured variables are independent, the MLE can be shown to be
the minimizer of function Φ (Bard, 1974):



Nt
Nv
X
X
Nt
2
Φ(p) =
(yij − ŷij (p)) 
ln 
2 i=1
j=1
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(6.3)

where Nt is the number of observations, Nv is the number of measured
outputs, yij is output i at time j and ŷij (p) is the corresponding model
estimate as a function of the parameters p. Note that, with our assumption of normally distributed errors, the MLE is equivalent to weighted
least squares. However, the weights of these residuals are given by the
inverse of the measurement error covariance matrix V which is still to
be determined(Bard, 1974).
The minimization of Eq. (6.3) requires the solution of a nonlinear, nonconvex optimization problem. To this end, a local optimizer (fmincon
as implemented in the optimization toolbox in Matlab) using a sequential quadratic programming algorithm was run from several initial points
(by using the GlobalSearch routine provided in the global optimization
toolbox in Matlab), so that multiple basins of attractions are analyzed.
Nevertheless, it should be noted that, in this work, the focus lies on finding a set of parameters that describes a predefined number of outputs
within a region of operating conditions well. Details on the sensitivity of
estimated parameters can be found in Ochsenbein et al. (2013a).

6.4.2.3

Fitted outputs and Results

The parameter estimation outlined above requires choosing a specific set
of outputs that are to be fitted. As the full, measured particle size distribution is impractical to fit, moments of the distribution together with
the solute concentration were used instead. The exact choice of moments
is motivated by the fact that lower order moments possess a smaller variance and are potentially less affected when particles are overlapping in
the recorded images (Schorsch et al. (2014)), i.e., the number of moments
used in the output vector should not be increased indefinitely. Also, moments using measurements of L2 are avoided whenever possible, which
is again due to the fact that measurements of the width contain a higher
relative error and are generally less reliable than measurements of the
particle length while the absolute change of the particle width over time
is comparably small. Note that information of total particle volume is
still accounted for via the concentration, thus guaranteeing structural
observability of G2 .
Since the imaging setup delivers complete particle size distributions and
not only average lengths, one may investigate which model can qualit-
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ateively describe the evolution of the measured PSD. In Figure 6.38(a)
the 2D PSDs are reported as normalized volume weighted PSDs, q V (t, L1 , L2 )
q V (t, L1 , L2 ) =

L1 L22 f (t, L1 , L2 )
µ12 (t)

(6.4)

It is evident that the width of the distribution increases drastically, i.e.
a size independent growth model could not accurately describe observations from the reactor. After carefully ruling out nucleation, agglomeration, breakage and imaging effects as underlying causes, size dependent
crystal growth was considered as the only plausible cause of the observed
broadening of the PSD. Since the effect is clearly visible only in the L1
direction, only G1 was assumed to be size dependent. However, fundamentally different types of dependencies are conceivable: the growth rate
G1 can be a function of the cylinder length, width, or both. From a mechanistic perspective, one adopts the notion that size dependent growth is
caused mainly by an increase in number of dislocations (Garside and
Jancic, 1976; Zumstein and Rousseau, 1987; Ma et al., 2008). The absolute number of these dislocations on the {101} facet of the crystal (which
determines the L1 growth measurement) may e.g. rise due to an increasing collision rate (clearly dependent on L1 ) or simply with increased
surface area (a function of L2 ). To this end, the previously presented
growth rate expressions were extended to include a simple power law
dependency:


G1 (T, S, L) = exp −

p1
T 2 ln(S)



 p 
2
1/6
exp −
(S − 1)2/3 (ln (S)) Lpi 3
T
(6.5)

In order to include a measure of the width of the PSD in the objective
function, the set of outputs considered in the fitting is set to:




c
c


µ1,0 /µ0,0
= q
(6.6)
yj =  L 1 

2
σ11 t=t
µ2,0 /µ0,0 − (µ1,0 /µ0,0 )
j
t=tj

where σ11 represents the standard deviation of the PSD in the L1 direction. After investigating a number of different models (see Ochsenbein
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et al. (2013a) for details, the ”best” resulting fit is given by a reduced
model with only 5 parameters (in which the prefactors of both growth
rates, i.e., p1,1 and p2,1 , are set to unity):




6.9 × 104
1.9 × 103
1/6
G1 = exp − 2
exp −
(S − 1)2/3 (ln (S)) L1.2
1
T ln(S)
T
(6.7a)


2
7 × 10
G2 = (S − 1)2.7 exp −
(6.7b)
T
Eq. (6.7) represents a tradeoff between objective function value, precision and number of parameters. The corresponding fits are shown in Figure 6.39. As evident in the plot, all measurements are fitted rather well
and, in contrast to the size independent fitting, the increase in broadness of the distribution is now adequately represented by the model. The
latter fact is highlighted in Figure 6.38(b) where the full 2D PSDs of experiment and model are reported. As with the previous fits, one reports
the result of applying the obtained parameters in a purely predictive
fashion by comparing model outputs to verification experiments in Figure 6.40. Both the graphical comparison as well as the mean relative
errors support the notion that the obtained parameters are suitable for
interpolation and that the model is able to predict the change of the 2D
PSD reasonably well.
Despite the choice of the above model as ”optimal” fit, a final statement as to which of the two fundamentally different functional forms
of G1 (L) is more likely cannot be made. This finding lead to the design
of a different experimental device (Hot Stage) and a set of independent
verification experiments.
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Table 6.4: Overview of seeded desupersaturation experiments and corresponding mean relative errors of the fit using models BE and BL1E
with 5 parameters.
ID
FIT1
FIT2
FIT3
FIT4
FIT5
FIT6
FIT7
FIT8
FIT9
FIT10
FIT11
VER1
VER2

S0 [-]
1.10
1.15
1.20
1.25
1.10
1.15
1.20
1.10
1.15
1.20
1.25
1.18
1.18
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T [℃ ]
25
25
25
25
35
35
35
40.7
40.7
40.7
40.7
30
38

20

Concentration [g/kg]

18

16

14

12

10

8
24

26

28

30

32

34

36

38

40

42

44

Temperature [ C]
Figure 6.37: Phase diagram of L-Glutamic acid in aqueous solution. The
blue dashed line and the red line indicate the solubilities of the α- and βpolymorph, respectively. The red circles indicate initial conditions used
for fitting the growth rate. The red area specifies the corresponding interpolation region. The black square shows the verification points.
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Figure 6.38: Comparison of normalized, volume weighted distributions
in experiment (red) and model (blue) for experiment FIT4. (a) seed
distribution; (b) final distribution using size dependent model (BL1E
with 5 parameters). Contour lines are drawn at 20%, 50%, 75% and 90%
of the respective maximum.
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Figure 6.39: Parameter Estimation results for all eleven fitting experiments using a size dependent growth
model in G1 direction with 5 parameters. Red markers indicate measured quantities whereas blue lines
indicate estimation results.
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Figure 6.40: Comparison between verification experiments and prediction. Red markers indicate measured quantities whereas blue lines indicate estimation results.
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6.5

Observing agglomeration of β L-Glutamic
acid

The novel image analysis procedure to distinguish between primary particles
and agglomerates for elongated crystals that was introduced in Section 4.1.3, was tested in an experimental campaign. The substance to be
studied was the β polymorph of L-glutamic acid which precipitates typically in a needle like shape so that agglomerates and primary particles
are comparable easy to recognize in an image. The overall aim of an
experimental campaign is to prove or disprove that a shape dependent
agglomeration kernel for a PBE framework (see Section 5.3) can be employed and empowers the user to gain insight into the agglomeration
process on a highly quantitative level. The work will be published as
Ochsenbein et al. (In preparation).

6.5.1

Seed Preparation

Seeds have been prepared in a two step process by first precipitating the
α polymorph through a pH-shift reaction between equimolar amounts of
hydrochloric acid (Fluka, 37%) and the glutamic acid monosodium salt
hydrate (Sigma Aldrich, purity > 99%) in deionized water (obtained
from a MilliQ Advantage A10 system (Merck Chemicals)) at 5 ◦ C and
stirring continuously for one hour. Particles were filtered off and added
to a saturated (with respect to the α form) aqueous solution at 45 ◦ C
in agreement with Cornel et al. (2009a). After the solid state tranformation had occurred, product crystals were filtered off and wet sieved. Four
sieve fractions have been obtained from which two fractions have been
used. The smaller seed fraction has a volume based agglomeration degree
of estimated 34% (defined as total volume of agglomerates divided by
total volume detected) and an average equivalent sphere mean diameter
of 147 µm. The larger seed fraction has a volume based agglomeration
degree of 26% and an average equivalent sphere diameter of 205 µm. Distributions of primary particles and agglomerates in the seeds are shown
in Figure 6.41.
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6.5.2

Experiments

Concentration Measurements For monitoring the liquid phase concentration of L-glutamic acid, an ATR-FTIR spectrometer (ReactIR 45m
with a fixed arm mirror conduit, Mettler Toledo Switzerland) was used.
Recorded spectra were preprocessed by mean centering and considering
the first derivative. A calibration model at process temperature and a
supersaturation range between S = 0 and S = 5 covering the entire
experimental range at multiple wavelength was built using partial least
squares as outlined elsewhere (Cornel et al., 2009a; Ochsenbein et al.,
2013a). Two concentration profiles obtained during two different experiments are shown in Figure 6.42.
Experimental Procedure In order to prove the agglomerate classification algorithm and verify repeatability, first a set of three identical
experiments has been performed. Additionally, in this work one experiment has been carried out using the second large sieve fraction. The full
experimental campaign and analysis as well as exploration of the PBE
concept will be published in Ochsenbein et al. (In preparation).
Experiments build on knowledge obtained in Section 6.4.2, i.e., breakage
is not a contributor that has to be considered. However, unlike during the
growth kinetics study, agglomeration is expected to take places experiments are carried out at a much higher supersaturation and solid load.
This also implies that online measurements of particle size and shape
distributions have not been conducted so that only seed and product
PSDs are recorded.
Experiments are carried out by preparing 500 ml of a supersaturated
solution at 25o C by mixing equimolar amounts of the aforementioned
hydrochloric acid and the monosodium salt hydrate of L-glutamic acid.
The initial supersaturation was chosen to be S0 = 5.
Repeatability The first three experiments were performed to check
for repeatability. To this end, 3 grams of the small seed fraction have
been added to the supersaturated crystallizer and the stirrer was set to
250 rpm. The initial supersaturation S0 = 5 was consumed and product
crystals have been analyzed. Results for the agglomerate product distribution are shown in Figure 6.43. Distributions of seed and product in
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terms of primary particles and the cumulative equivalent sphere diameter
data is shown in Figure 6.44. An overview is presented in Table 6.5. One
notices that there is a considerable increase in the detected agglomeration degree, i.e., it doubles. The average diameter increases as well. When
looking at the primary particle distribution for seed and product crystals, one recognizes that the smooth symmetric seed distribution changes
to a smaller size, i.e., the mean of the distribution moves to smaller L1
and L2 . This is equivalent to noting that mostly large particles are taken
out of the seed distribution and form agglomerates. The cumulative distribution of agglomerates shows that agglomerates are much larger than
the primary particles which is consistent with the previously mentioned
obsveration of the disappearance of large primary particles. Overall, the
repeatability is found to be excellent.
Large Crystals Another experiment was performed following the same
procedure as for the repeatability study. However, the large seed fraction
has been employed. Results are presented in Figure 6.45. When analyzing the primary particle distribution one can see that again the mean
of the distribution moves from a symmetric large seed distribution to a
smaller product particle distribution, i.e., large particles are taken out
from the primary particle ensemble and become part of the agglomerates
distribution. This is also reflected in the cumulative distribution for the
agglomerates which are rather large as compared to primary particles
and seeds. The overall agglomeration degree triples from 25% to more
than 75%. Result obtained up to this point seem to be very promising
and enhance the believe that the agglomeration kernel for this system is
highly size dependent.
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Conditions
Small seeds,
Small seeds,
Small seeds,
Large seeds,

S0
S0
S0
S0

= 5,
= 5,
= 5,
= 5,

250rpm,
250rpm,
250rpm,
250rpm,

3g/500ml
3g/500ml
3g/500ml
5g/500ml

seeds,
seeds,
seeds,
seeds,

R1
R2
R3
R4

Seeds
Aggl. Degree.
34%
34%
34%
25.6%

Leq,mean
147 µm
147 µm
147 µm
205 µm

Table 6.5: Model systems overview
Product
Aggl. Degree. Leq,mean
69.4%
251 µm
74.4%
254 µm
74.2%
255 µm
78.7%
271 µm
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Figure 6.41: Comparison of normalized, volume weighted distributions
of the seed distributions used for agglomeration experiments. Blue: large
seed fraction. Red: small seed fraction, left: primary particles and right:
agglomerates. Contour lines in the primary particle plot (left) are drawn
at 15%, 40%, and 80% of the respective maximum.
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Figure 6.42: Two concentration profiles for the liquid phase concentration
of L-glutamic acid obtained during a crystallization experiment with the
small and large seeds each during R1 and R4 (with respect to Table 6.5.
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Figure 6.43: q V distributions of agglomerates of experiments R1 (blue),
R2 (red) and R3 (orange) performed as a repeatability study. Experiment
IDs are with respect to Table 6.5.
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Figure 6.44: Comparison of normalized, volume weighted primary particles distributions of the small seeds
(black) and experiments R1-R3 (red) on top (a-c). Contour lines are drawn at 15%, 40%, and 80% of the
respective maximum. Bottom: cumulative agglomerates distributions of equivalent spheres for the primary
particle fraction of the seeds (dashed black lines) and primary (red) and agglomerate equivalent sphere
cumulative distributions (d-f) of experiments R1-R3. Experiment IDs are with respect to Table 6.5.
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Figure 6.45: Comparison of normalized, volume weighted primary
particles distributions of the large seeds (black) and experiment R4 (red)
on top (a). Contour lines are drawn at 15%, 40%, and 80% of the respective maximum. Bottom: cumulative agglomerates distribution of equivalent spheres for the primary particle fraction of the seeds (dashed black
line) and primary (red) and agglomerate equivalent sphere cumulative
distributions (b) of experiment R4. Experiment IDs are with respect to
Table 6.5.
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6.6

Testing the polytope based optimization particle size estimation technique

This work has been presented in Schorsch et al. (submitted). In order to
evaluate the particle sizing techniques presented in Section 4.1.4.2, two
different data sources are utilized. First, artificially generated images
containing projections of faceted crystals are analyzed. These images
have the advantage that all aspects of the polytopes in these images,
i.e., their orientation R and size vector t are known and can be used
to compare the analysis result to the input. One may also freely choose
the angle between the coplanar observation directions. Second, images
of crystals from five different organic substances are photographed and
investigated. In this case, a different error metric (see Section 6.6.2) is
necessary as neither the rotation nor the size vector are known a priori.
Generation of artificial images Simulated projections of crystals
are generated from the polytope model of the crystal using the MultiParameter Toolbox (MPT 3.0 (Kvasnica et al., 2012)) available for Matlab (MATLAB, 2010). The projections are then converted to images
with the same resolution as our measurement setup using the poly2mask
function available in the Image Processing Toolbox of Matlab.
Stereoscopic imaging device Crystals in suspension are photographed
using the second generation flow through cell.

6.6.1

Image Preprocessing

The image analysis algorithm is the same for both the artificially generated and actually photographed images of crystals. It is based on
OpenCV (Bradski, 2000). The details of this procedure are described
in Section 4.1. After thresholding, contour extraction, and comparing
both projections with respect to their x3 position a matching pair of
projections is obtained, whose sets of boundary points D1 and D2 are
then extracted:
N

1
D1 = {d1,i }i=1

and

N

2
D2 = {d2,i }i=1
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(6.8)

where D1 is a dataset of coordinates of N1 boundary points of P1 and
D2 is a data set of coordinates of N2 boundary points of P2 , where the
shorter notation Pi for Pi (R, t), was used and will always be used in the
following. Examples for such projections and boundaries is given in Figure 6.52 for different crystals, where the raw images (grey scale) and the
extracted contours (solid white lines) are plotted. For further analysis,
the convex hulls, H1 and H2 , of these two data sets are calculated via a
Graham scan (Graham, 1972). The optimization algorithm, which will
be introduced in the next section, performs on centered and normalized
convex hulls, so that dj,i ∈ (−1, 1). In order to retrieve the actual size
of the particle after the reconstruction was performed, a normalization
constant s is introduced, which includes the camera magnification and
the normalization information.

6.6.2

Experimental Campaign

In order to evaluate the particle sizing procedure a selection of five different organic substances has been investigated both by generating artificial
images and by taking photographs of crystals produced in experiments.
A detailed list of the five organic crystal systems is given in Table 6.6.
The substances are namely acetaminophen, ascorbic acid, Ibuprofen and
the α and β polymorph of L-glutamic acid. The selection covers a wide
range of different crystal shapes from needle like crystals with a very
high aspect ratio to platelets and rather compact crystals with a low
aspect ratio. For reconstructing simulated particles, a cuboidal polytope
was considered as well.
Error metric Two different error metrics have been used to evaluate
the performance and accuracy of the optimization algorithm. For generated images, the input data in terms of the true size of all facets as
the scaling vector t was available, hence the ratio t̂i /ti for each facet i
can be calculated. In addition to the recalculation error one can define
the reprojection error Π . This error measures the difference between the
input projection and the calculated reprojection. It can be considered a
quality of fit:
Π =

kH1 \P1 k2 + kH2 \P2 k2
kP1 k2 + kP2 k2

(6.9)
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6.6.2.1

Analysis of generated images

As a first step artificially generated images of acetaminophen crystals
belonging to each of the five morphology regions (cf. Figure 2.3) have
been studied. Secondly, artifical images of the other four crystal systems
and the cuboid model have been analyzed as well. The model parameters
in terms of matrices A and M are reported in Tables 6.7 to 6.12.

Fitting of different morphologies of the same crystal The first
series of simulations is aimed at proving that the optimization algorithm
is capable of finding satisfactory results independent of the morphology
region of the particle to be analyzed. In a case study for acetaminophen,
for which the morphology map is reported in Figure 2.3, 100 randomly
oriented polytopes for each of the five regions have been generated and
handed over to the image analysis and size calculation procedures. In
Figure 6.46, example polytopes for each region (black solid lines in the
first column), their projections (dark grey areas), and input scaling vectors t are reported. For each of the randomly selected original polytope
the reconstructed polytope is reported as an overlay in red. As one can
see, there is an excellent agreement of input and optimization result. The
corresponding fitting contour is plotted on top of the input projection as
red dashed lines and the estimated scaling vector t̂ is listed next to the
input. It noteworthy that for regions a) and b) only two characteristic
facet families can be identified because the third facet family is absent
from the crystal morphology (which is correctly identified by the optimization algorithm). For cases where a facet is missing (i.e., regions a)
and b)) the optimization algorithm returns the value at the boundary
of the respective region. In the reported exemplary cases, the matching between input and fitted polytope is excellent and both scale and
rotation have been calculated correctly. However, for some rotations of
the same polytopes the estimated scaling vector deviates slightly from
the input scaling vector. To quantify this effect, statistics of the scaling
and reconstruction error for all 100 reconstructed particles in the last
two columns of this figure are reported. For the scaling statistics, the
mean of the relative scale t̂i /ti of the i-th characteristic facet family as a
square is reported. The error bars indicate the standard deviation. The
reprojection error in the last column is plotted similarly. Additionally the
morphology distribution is also reported as contour plots in a morpho-
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logy map, cf. Figure 6.47. The scaling error distributions shows an overall
low deviation of the estimated scale as compared to the input. In cases b)
and d) the optimization result is almost perfect and contour lines mostly
overlap with the input. In cases a) and c), the deviation does also not
exceed 10% of the input and the mean of the scaling factors is correctly
identified. For the platelet-like morphlogy of region e) the standard deviation for both the scaling and the reprojection error is larger, while the
mean value is still correctly identified. This result reflects the fact that
some morphology regions result in projections that are easy to analyze
due to a high number of very characteristic facets, while in other cases
the optimization is much more difficult as, depending on the rotation,
ambiguous solutions can be found. A clear indication for this behavior
is the fact that even for a reprojection error of zero, the scaling error
can be considerably larger. However in general, the procedure delivers
promising results for the majority of studied cases and even in the worst
case the results are still satisfactory, so that there is confidence that one
may obtain meaningful scaling information.

Fitting of different crystal systems The size calculation procedure
can easily be extended to different crystal shapes. Four additional organic
crystal systems and a cube are selected as validation cases. The analysis
protocol is similar to Section 6.6.2.1. 100 randomly oriented polytopes of
known size have been generated, analyzed, and the results are presented
in Figure 6.48. In this figure the same quantities as in Figure 6.46 are
presented. Morphology maps, input scaling vectors (as crosses) and distributions of estimated polytopes (as red contour curves) are presented
in Figures 6.49 to 6.51. In general, fitted crystals match excellent to the
input projections yielding only small reprojection errors. It is worthwhile
to note that the error in the scaling vector for all considered facets is
less than 3% in all cases but for β L-glutamic acid. However, this might
be a result of the very small facets at the tip of the elongated crystal,
which are obviously hard to detect in projections, even by the human
eye. The reprojection errors are smaller than 3% except in all cases except for the α and β polymorph of L-glutamic acid. Even in these worst
case scenarios the error is below 8%. Considering the statistics for all
100 projected particles (last two columns), one can see that for all considered particle shapes, with the exception of ascorbic acid crystals, the
crystal shape is on average correctly identified and the standard devi-
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ation in the identification is negligible, i.e., the results are again almost
perfect. For the platelet-shaped ascorbic acid crystal the particle shape
is on average also correctly identified, but the standard deviation (just
as in the case of the acetaminophen morphology e)) is larger than in the
other cases. This is an indication of the fact that the projections of a
platelet-shaped object are strongly dependent on its alignment in space.
This can result in cases where the vertices that are visible in a projection are not sufficient to uniquely determine the objects rotation, thus
yielding non-perfect fits. These results are encouraging as the algorithm
seems to yield an admirable performance for most crystal systems using
simulated measurements.

Importance of the stereo angle In order to assess the potential
of the proposed method for observing single crystals in a stereoscopic
hot stage setup the importance of the observation angle, i.e., the angle
between the two cameras as illustrated in Figure 6.53, is investigated.
Commercially available stereo microscopes have typically observation
angles between 12◦ and 14◦ . However, customized devices could feature
stereo angles up to 90◦ . The change in the reconstruction performance is
investigated on the example of an Acetaminophen crystal with ti = 1 ∀i,
i.e., the same case as in Figure 6.46c). Stereo angles of 12◦ , 14◦ , 30◦ ,
45◦ , 60◦ , 75◦ and 90◦ have been investigated using 100 randomly orientated particles for each stereo angle. Note that the assumption of random
orientation for a compact particle is a valid one, however, one can expect to obtain the same trend (see discussion below) for cases where the
particle exhibits a preferential orientation due to its morphology. The
mean reprojection error and its standard deviation are reported in Figure 6.54(a). It is apparent from the very low mean reprojection error
(square symbols in Figure 6.54(a)) that the optimization algorithm is
able to find a set of R̂ and t̂ independent of the observation angle that is
able to match the measured projections. Note that the underlying histograms of reprojection errors for each stereo angle are skewed towards
low reprojection errors, so that the lower ends of the error bars (solids
lines in Figure 6.54(a)) extend below zero. However, when considering
the estimated crystal sizes, t̂i , one can see that neither accuracy nor the
precision of the estimates are satisfactory at low stereo angles, which
can be seen in Figure 6.54(b) where the exemplary statistics for t̂2 are
reported. Only for stereo angles greater than 60◦ does the precision and
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the accuracy become satisfactory. This indicates that for small stereo
angles, the restoration problem becomes less unique, i.e., the algortihm
is likely to find a t̂ that is able to match the measured projection data
well, but is far away from the actual crystal size t. Consequently, the
reconstruction of a general faceted crystal from a single projection is a
hopeless endeavour. A custom made stereoscopic hot stage setup should
therefore be built with a stereo angle of at least 60◦ .

6.6.2.2

Analysis of photographed crystals

The second series of experiments is based on actual photographs of
particles taken in the flow through cell, i.e., for orthogonal projections.
Crystals of all five previously mentioned organic substances have been
prepared according to the following paragraph.

Preparation of crystals Acetaminophen (Sigma Aldrich, purity >
98%) crystals were obtained by cooling a saturated water solution from
35◦ C to 5◦ C in 6 hours, resulting in a suspension that was subsequently
wet sieved and dried (Kempkes et al., 2010a). The sieve fraction above
200 µm was used for later analysis.
L-Ascorbic acid (Sigma Aldrich, reagent grade) was crystallized from
a saturated methanol (Merck Chemicals, purity > 99.9%) solution by
cooling the mixture and pestled seed from 35◦ C to 5◦ in 6 hours. The
product was wet sieved and analyzed directly afterwards.
Ibuprofen (4-Isobutyl-α-methylphenylacetic acid, TCI Europe, purity >
98%) crystals were prepared by a temperature cycle approach from a
saturated mixture of 50 wt% ethanol (Scharlab, HPLC grade) and 50
wt% water to which 8 wt% (solvent basis) Pluronic F127 (Sigma Aldrich,
purity > 99%) were added. The solution was cooled from 28◦ C to 1◦ C
in 3.25 hours, heated up to 25◦ C in 2.5 hours and cooled down again
to 1◦ C in 4 hours. The product suspension was filtered and dried before
analyzing.
α L-glutamic acid crystals have been precipitated by mixing equimolar
amounts of L-glutamic acid monosodium salt hydrate (Sigma Aldrich,
purity > 99%) and hydrochloric acid (Fluka, 37%) in water and continuous stirring for one hour at 5◦ C (Cornel et al., 2009a). The product
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suspension was split in two fractions. The first fraction was wet sieved
to obtain crystals larger than 125 µm which were directly analyzed afterwards. The other half was filtered and dried to be used in a transformation experiment to obtain β L-Glutamic acid crystals. To this end,
a saturated (with respect to the α polymorph) solution of L-glutamic
acid monosodium salt hydrate (Sigma Aldrich, purity > 99%) and hydrochloric acid (Fluka, 37%) in water at 45◦ C was prepared. α crystals
were added and the solution was stirred for 48 hours to ensure complete
transformation. The product suspension was then directly analyzed.
Water used during experiments was always taken from a MilliQ Advantage A10 system (Merck Chemicals).

Analysis results for photographed crystals After particle production was completed, crystals were suspended and photographed in the
flow though cell. Images have been processed to extract the sets D1 and
D2 and furthermore H1 and H2 . Figure 6.52 shows exemplary images,
fitted contours, reconstructed polytopes, the resulting particle size, the
reprojection error for the example case and the reprojection error distribution. As explained before, the calculated scaling vector t̂ is multiplied
with the scaling constant s yielding the size of the reconstructed polytope in µm. As the true vectors t are unknown for these crystals, only
the reprojection error Π can be reported. In general, the fitting error is
in the same low range as for the simulated images demonstrated in the
previous section. The reprojection error is again highest for ascorbic acid,
just as in the case of the simulated particles. Additional to the reasons for
non-perfect fits given for the simulated particles, one has to realize that
real crystals are often not perfectly faceted entities. As such, the particle
model may inherently not be able to represent crystals that have been
photographed in the flow through cell. Additional noise is introduced
due to dust on the images, errors in the contour extraction, a limited
resolution, and a limited depth of field. Despite these limitations, the
fitting results appear to be generally satisfying enough to extract useful
facet information form the reported images.

Crystal Growth Finally, one wants to investigate the possibility of
applying the image analysis and polytope recognition procedure to a dynamic experiment in which one wants to observe crystal growth. A pop-
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ulation of Acetaminophen crystals is exposed to supersaturation during
cooling crystallization in water and images of particles in suspension are
continuously recorded for the entire duration of the experiment.
Acetaminophen seeds were produced by rapidly cooling a saturated solution of acetaminophen and water (Sigma Aldrich, purity 98.0%) from
40◦ C to 10◦ C. The product was filtered, dried, and sieved. The sieve
fraction between 125 and 250 µm was used. Crystals have been suspended in a saturated solution of acetaminophen and water at 30◦ C at a
suspension density of 1 g/kg. The resulting suspension was then cooled to
25◦ C with a cooling rate of 0.5◦ C/h. The temperature was subsequently
kept constant for additional 200 minutes.
The low cooling rate (and therefore low supersaturation level) causes the
aspect ratio of the acetaminophen crystal population to increase which is
in agreement with previous observations (Kempkes et al., 2010c). With
reference to Figure 2.3 the vast majority of particles was measured in
region (c). The change of the distribution from the seed crystals (red) to
the product crystals (blue) is shown as isosurface plots and isocontour
plots in Figure 6.17. Note that information during the cooling crystallization experiment was recorded but not analyzed due to a lack of computational power as a single optimization run can take up to one minute
which results in several days analysis duration for a population of several
thousand particles. The identical experiment has been presented before
in (Schorsch et al., 2014) using a different type of particle model. In contrast to the generic particle analysis the polytope based approach shows
delivers very scattered distributions. It is noticeable that the movement
of the center of the PSD is only due to an increase in the scaling factors
s and cannot be attributed to a dominant change in t (i.e. the average
particle size increases but the facet scaling information is scattering). A
comparison between the two methods is therefore warranted and presented in the following section.

Comparison to Generic Particles In previous works (Schorsch et al.,
2012, 2014) one has reported a set of generic particle models to describe
crystals. These models were spheres, cylinders and cuboids, as such these
generic particles are able to cover a wide range of prototypical shapes.
The size information in this case was computed from geometric information that is available in a sterescopic setup, but without directly minim-

180

izing the reprojection error. Clearly, the additional computational effort
of the polytope reconstruction procedure needs to be justified. A direct
comparison between both techniques is difficult because the output of
the two models is quite different (generic particle vs. faceted polytope).
Hence, one compares the two most important macroscopic properties
of the crystals, i.e., their aspect ratio (i.e., the ratio of maximum to
minimum size) and the particle volume. The analysis is performed using an exemplary particle of each of the previously mentioned organic
substances and a cube-shaped particle, which were randomly oriented
100 times (each). The input size vectors, estimated volumes and aspect
ratios and the true aspect ratio are reported in Table 6.13 for each of
these cases. The outcome of this comparison depends on the chosen inputs, i.e., one may find conditions for which one of the two approaches
delivers a better or worse perfromance. Therefore, one has chosen cases
which cover a reasonable range of different geometries.
For the needle-like β glutamic acid and the cubes, there is no advantage in using the polytope model because the shape gets almost perfectly matched in all cases independent of the particle model. For the
other cases in average the generic case delivers a reasonable estimation.
However the standard deviation of the underlying recovered distribution
is wider than for the polytope reconstruction, which means that generic models sometimes over- or underestimates the particle size due to
an inherent mismatch between generated particle and fitted shape. The
platelet-like ascorbic acid crystals are not captured well by either particle
model, which is not surprising for the reasons mentioned already above.
It is worthwhile to note that the set of generic particle shapes can also be
easily extended to get a better model representation for a specific crystal
shape if required which could improve the reconstruction accuracy, while
still keeping the low computational effort.
Calculating the faceted shape of a crystal requires particles of a certain size or an imaging system with an excellent resolution that equals
the quality of a microscope in order to have sufficiently contour data
to solve the polytope reconstruction problem. It also requires crystals
of a very high quality, i.e., crystals without damaged vertices, etc., to
obtain meaningful results. Given that many crytals obtained from a real
crystallizer do exhibit some kind of imperfection, the advantage that a
polytopic model describes the crystal morphology of primary particles
on a first principles level vanishes when moving from idealized generated

181

images to real crystallization experiments. The generic particle classes on
the other hand are more robust and deliver good estimates of the most
macroscopically important crystal properties (aspect ratio and volume)
at a much lower computational effort.
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Group
P21

P21
P21
P21

P21

Substance
Acetaminophen

Ascorbic Acid

Ibuprofen

L-Glutamic Acid α

L-Glutamic Acid β
orthorombic

orthorombic

monoclinic

monoclinic

Unit cell
monoclinic

5.17

7.06

14.67

17.30

a [Å]
12.87

17.34

10.3

7.89

6.35

b [Å]
9.37

6.95

8.75

10.73

6.41

c [Å]
7.09

Table 6.6: Model systems overview
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90

99.36

102.11

β [◦ ]
115.62
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Table 6.7: Acetaminophen model data
Facet
(110)
(110)
(110)
(110)
(001)
(001)
(201)
(201)

0.52
0.52
-0.52
-0.52
0.26
-0.26
0.69
-0.69

ai
0.85
-0.85
-0.85
0.85
0
0
0
0

0
0
0
0
0.97
-0.97
-0.72
0.72

1
1
1
1
0
0
0
0

M
0
0
0
0
1
1
0
0

0
0
0
0
0
0
1
1

Table 6.8: Ascorbic Acid model data
Facet
(100)
(100)
(001)
(001)
(101)
(101)
(110)
(110)
(110)
(110)

1
-1
0.08
-0.08
0.29
-0.29
0.35
-0.35
0.35
-0.35

ai
0
0
0
0
0
0
-0.94
0.94
0.94
-0.94

0
0
0.99
-0.99
-0.96
0.96
0
0
0
0

1
1
0
0
0
0
0
0
0
0

M
0
0
1
1
1
1
0
0
0
0

Table 6.9: Cube model data
Facet
(100)
(100)
(010)
(010)
(001)
(001)

1
-1
0
0
0
0

ai
0
0
1
-1
0
0

0
0
0
0
-1
-1
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1
1
0
0
0
0

M
0
0
1
1
0
0

0
0
0
0
1
1

0
0
0
0
0
0
1
1
1
1

Table 6.10: Ibuprofen model data
Facet
(100)
(100)
(001)
(001)
(011)
(011)
(011)
(011)

1
-1
0.12
-0.12
0.09
-0.09
0.09
-0.09

ai
0
0
0
0
0.8
0.8
-0.8
-0.8

0
0
0.99
-0.99
0.71
-0.71
0.71
-0.71

1
1
0
0
0
0
0
0

M
0
0
1
1
0
0
0
0

0
0
0
0
1
1
1
1

Table 6.11: L-Glutamic acid α data
Facet
(001)
(001)
(110)
(110)
(110)
(110)

ai
0
0
0.78
0.78
-0.78
-0.78

M

0
0
0.63
-0.63
0.63
-0.63

1
-1
0
0
0
0

1
1
0
0
0
0

0
0
1
1
1
1

Table 6.12: L-Glutamic acid β data
Facet
(010)
(010)
(021)
(021)
(021)
(021)
(101)
(101)
(101)
(101)

0
0
0
0
0
0
0.80
0.80
0.80
-0.80

ai
1
-1
0.89
-0.89
0.89
-0.89
0
0
0
0
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0
0
0.45
0.45
-0.45
-0.45
0.60
-0.60
-0.60
-0.60

1
1
0
0
0
0
0
0
0
0

M
0
0
1
1
1
1
0
0
0
0

0
0
0
0
0
0
1
1
1
1

1
2
1
2
1
1

input t
1
1
2
2
1.3
10

1
1
4
3
1

average est. volume/true volume
Polytope
Generic
1.00 ±3.8e-4 1.00 ±1.5e-15
0.99 ±0.02
1.04 ±0.19
0.96 ±0.16
0.89 ±0.22
0.95 ±0.23
0.95 ±0.30
1.00 ±2.5e-4 0.96 ±0.29
1.00 ±0.02
1.03 ±0.07

average
Polytope
1.00 ±0.01
2.03 ±0.09
5.37 ±7.59
1.50 ±5.9e-5
1.30 ±1.5e-4
9.99 ±0.00

est. AR
Generic
1.00 ±1.2e-13
1.97 ±0.59
4.30 ±1.35
1.65 ±0.58
1.50 ±0.38
9.91 ±0.60

1
2
4
1.5
1.3
10

true AR

Table 6.13: Comparison of the fitting quality between Polytope and Generic Particle Models as ratio of the
estimated and true particle volume and a comparison between the estimated and true aspect ratio (AR) as
mean and standard deviation of 100 repetitions of fitting the respective crystal to the polytope particle and
generic particle model each.

Cube
Acetaminophen
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Ibuprofen
L-Glutamic Acid α
L-Glutamic Acid β
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Figure 6.46: Reconstruction of faceted polytopes for five morphology regions of acetaminophen. From left
to right: Three dimensional polytopes of the input data (solid black lines) and reconstructed polytope (red
lines), orthogonal two dimensional projections of input (dark gray area) and fitted polytope (red dashed line),
input scaling vector t, calculated vector t̂, error between input and calculated vectors, reprojection err., err.
distribution of the scaling vector, err. distribution of the reprojection err. Note that for regions a and b, only
two entries of t can be estimated as the third facet was detected to be not visible.
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Figure 6.47: Zoom in of the morphology map for acetaminophen and
the position of the 5 studied cases of the different morphology regions
as black/white crosses. The distributions of the best fitting t̂ of the five
case studies as indicated in Figure 6.46 are plotted as red contour curves
into the morphology plane at levels of 1%, 2% and 50% of the maximum
of the distribution which is grided into the logspace of 1000×1000 grid
points. In cases in which only two indices of t̂ can be obtained (due to
some facets being only virtual), the value of t̂i at the boundary of the
morphology cone has been used to calculate the ratio.
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Figure 6.48: Fitting of randomly selected examples of four different crystal systems and a cube. From left
to right: Three dimensional polytopes of the input data (solid black lines) and the reconstructed polytope
(dashed red lines), orthogonal two dimensional projections of the input polytope (dark gray area) and the
fitted polytope (red dashed line),input scaling vector t, calculated scaling vector t̂, error between input and
calculated scaling vectors, reprojection error, error distribution of the scaling vector, error distribution of the
reprojection error.

β L-Glu

t̂i /ti
t̂i /ti
t̂i /ti
t̂i /ti
t̂i /ti

0Π
0Π
0Π
0Π
0Π

189

−3.0

−2.0

visible facets:
{100}
{001}
{101}
{110}

visible facets:
{101}
{001}
{110}

log(t2 /t3)

−1.0

0.0

visible facets:
{100}
{001}
{101}

1.0

2.0

3.0
−3.0

visible facets:
{100}
{001}
{110}
−2.0

−1.0

0.0

1.0

2.0

3.0

log(t1 /t3)

Figure 6.49: Morphology map for Ascorbic Acid and the position of the
reconstruction case study of indicated as black cross. The distribution
of the best fitting t̂ of the as listed in Figure 6.48 is plotted as red
contour curves into the morphology plane at levels of 1%, 2% and 50%
of the maximum of the distribution which is grided into the logspace of
1000×1000 grid points. In cases in which only two indices of t̂ can be
obtained (due to some facets being only virtual), the value of t̂i at the
boundary of the morphology cone has been used to calculate the ratio.
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Figure 6.50: Morphology map for β L-Glutamic Acid and the position of
the reconstruction case study of indicated as black cross. The distribution
of the best fitting t̂ of the as listed in Figure 6.48 is plotted as red
contour curves into the morphology plane at levels of 1%, 2% and 50%
of the maximum of the distribution which is grided into the logspace
of 1000×1000 grid points. In cases in which only two indices of t̂ can
be obtained (due to some facets being only virtual), the value of t̂i at
the boundary of the morphology cone has been used to calculate the
ratio. Due to small variance in the reconstruction procedure in this case,
contour lines do mostly overlap.
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Figure 6.51: Morphology map for Ibuprofen and the position of the reconstruction case study of indicated as black cross. The distribution of
the best fitting t̂ of the as listed in Figure 6.48 is plotted as red contour curves into the morphology plane at levels of 1%, 2% and 50% of
the maximum of the distribution which is grided into the logspace of
1000×1000 grid points. In cases in which only two indices of t̂ can be
obtained (due to some facets being only virtual), the value of t̂i at the
boundary of the morphology cone has been used to calculate the ratio. Due to small variance in the reconstruction procedure in this case,
contour lines do mostly overlap.
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Figure 6.52: Fitting of different organic crystals. From left to right: Photographs with extracted contours
(white) and fitted projections (dashed, red), reconstructed 3D polytope, calculated scaling vector t̂, reprojection error. Act is short for Acetaminophen.
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Figure 6.53: Explanation of the meaning of the observation angle for
stereo microscopic hot stage studies.

194

195

0
0

0.1

100

0

0
20

40

60

80

(b)

80

(a)

60

Observation Angle [deg]

40

Observation Angle [deg]

20

1

2

3

4

5

6

7

8

100

Figure 6.54: Statistics for 100 randomly oriented Acetaminophen crystals of case (c) from Figure 6.46 when
analyzed using different observation angles. (a) Dependency of the reprojection error on the observation angle
in comparison to the reference case of an orthogonal camera setting (90◦ ) and (b) accuracy of the estimated
sizes to the input as a function of the observation angle. Squares indicate the position of the mean value and
error bars represent the standard deviation of the distribtuions.
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6.7

Monitoring the pH controlled morphology change of sodium chloride crystals
in a hot stage

In their recent paper Sen and Ganguly (2012) reported that the rocksalt
structure of NaCl can potentially appear in a wide range of morphologies
in the presence of an additive such as Barbituric Acid. As a function of
pH, barbituric acid is present in three different protonation states.
The authors cleverly show that the familiar cubic crystal habit of NaCl
transforms into a Rombic Dodecahedron due to the interaction with
the additive around pH 3 while assumes a cubic octahedral shape at
pH 10. At pH 7, in the presence of the same additive, NaCl forms the
known cubic crystals. This result meets the predictions made from abinitio simulations that clearly show the preference of specific protonation
states of barbituric acid for a given crystal face in specific pH ranges.
While the usual cubic morphology of NaCl crystals is dominated only
by the {001} face, Sen and Ganguly (2012) show that the alternative
morphologies are characterized entirely by the {100}, {011}, and {111}
crystal faces.
This means that, in the case of NaCl, a complete representation of the
morphology domains can be achieved in a morphology map. In this case
one considers as a reference
 face the {001} and chooses as variables for
the plot ln t{110} /t{001} and ln t{111} /t{001} . The morphology map
obtained for NaCl is reported in Figure 6.55. The α shape is the form that
is typically to be expected for sodium chloride (cubic). The β shape is
obtained when crystallizing sodium chloride in the presence of barbituric
acid at a pH of about 10, the γ morphology can be found if the same
experiment is carried out at a pH of 3. The system under consideration
is meant to be used as a test scenario for the observation possibilities
that the Hot Stage setup is able to deliver.
Materials Sodium chloride (VWR, Dietikon, purity > 99.6%) was suspended in purified water (MilliQ Advantage A10 system, Merck Chemicals). If desired, Barbituric Acid (Sigma Aldrich, purity > 99%) has been
added. The pH has been adjusted by adding either hydrochloric acid
(Fluka, 37%) or sodium hydroxide (Sigma Aldrich, purity > 99%). The
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pH value was measured using a S40-K SevenMulti pH meter (Mettler
Toledo).
Seed preparation Seeds were obtained by cooling a saturated solution of water and sodium chloride from 50◦ C to 20◦ C. Product crystals
were filtered, dried, and sieved. The sieve fraction below 225 µm was
used as seed material.
Hot Stage Setup The first generation Hot Stage which was explained
in Section 3.2.1 has been used in this study.
Experimental Protocol A single dry seed is carefully picked up from
a stereo microscope and added to the cell. A saturated clear solution at a
temperature of 45o C is added and the setup is put under the microscope.
A temperature ramp is applied to cool the stage slowly down to 15o C
during which growth and morphology changes can be observed.
Analysis Protocol After image aquisition, the particle in each image
is analyzed in terms of total particle size and position of important edges
to allow for the calculation of a corresponding polytope (details on this
type of crystal model can be found e.g. in Schorsch et al. (2012)). The size
information, i.e. the distance of each facet to the center of the particle,
is listed and used to plot the trajectory into the morphology map. I can
be much more specific on this but it depends a lot on how you intend to
integrate this into your text.
Results Three experiments have been conducted corresponding to the
three pH dependent confirmations of Barbituric acid to either promote
the growth of the 100, 111, or 110 facet families as originally shown by
Sen and Ganguly (2012). They are shown in Figures 6.56 to 6.58. The
original experiment was highly reproducible and facet size data at the
one minute measurement interval could be extracted.
Morphology Map NaCl steady state morphology changes due to pH
in the presence of barbituric acid Sen and Ganguly (2012), can be qual-
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itatively described as transitions between morphology domains as illustrated in Figure 6.55. In particular at pH 3 the steady state morphology
moves from α to γ. At pH 10 the steady state morphology moves from
α to β.
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Figure 6.55: Morphology map and pathway of sodium crystal growth in the presence of barbituric acid at
two different pH levels.
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Figure 6.56: Growth of a sodium chloride crystal in the presence of Barbituric acid at pH=10 and corresponding polytopes that illustrate the growth of the 111 facet.

t = 40 min

200

201

image

polytope

t = 0 min

t = 10 min

t = 30 min

image

polytope

Figure 6.57: Growth of a sodium chloride crystal in the presence of Barbituric acid at pH=3 and corresponding
polytopes that illustrate the growth of the 110 facet.
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Figure 6.58: Growth of a sodium chloride crystal in the absence of Barbituric acid as a control experiment.

t = 0 min

202

6.8

Verifying the growth rate dispersion of
β L-Glutamic acid using single crystal
studies

While analyzing experiments for the growth parameter estimation study
(Ochsenbein et al., 2013a), a prominent broadening effect of the 2D PSD,
especially in the length (L1 ) direction, was observed. As stated in the
introduction, this could be either due to a size dependent growth or due
to growth rate dispersion. As explained, one may not easily distinguish
these options from observing the evolution of a PSD, so that the first
generation hot stage crystallizer was envisioned to allow the study of
the growth of single β L-glutamic acid crystals under highly controlled
conditions in the absence of particle collisions.
The experimental protocol was as follows and was inspired to make observations comparable to the study in Ochsenbein et al. (2013a). A total
of 100 crystals have been consecutively analyzed. A saturated solution
at 30o C has been prepared in a 100 ml reactor by mixing equimolar
amounts of hydrochloric acid and the monosodium salt of L-glutamic
acid in water. A single crystal from the original seed batch (taken from
the study published in Ochsenbein et al. (2013a)) was selected under a
microscope and carefully placed into the hot stage. Saturated solution
was taken from the 100 ml crystallizer and added to the stage by pressing
the liquid through a preheated 0.22 µm filter. The hot stage was closed
and sealed.
Prior to continuing with the 100 single crystals, two verification experiments have been performed. First, the hot stage was left untouched for
two weeks to prove that evaporation does not play a role and the composition in the crystallizer can be considered fixed. Second, a crystal was
monitored at constant temperature and was found to not change size or
shape over several hours. This was done to prove that the added solution
was indeed neither supersaturated nor undersaturated.
Next, in each of the 100 experiments, the temperature in the cell has been
lowered to 25o C which is equivalent to a supersaturation of S = 1.2. Images have been continuously recorded at a 1 minute interval and length
and width have been extracted for the start and end of the experiment
(see Section 4.4). Sample pictures of seeds and product crystals are dis-
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played in Figure 6.59.
From these measurements, the growth rates in L1 and L2 direction are
readily available as G1 and G2 . If there was a clear size dependency,
a correlation between growth rates and particle size should be visible.
In Figure 6.60 the growth rates are plotted vs. length and width of the
corresponding needles. No significant trend can be extracted. In addition,
the estimated average growth rate from Section 6.4.2 is plotted into the
corresponding figures as red dashed lines.
The absence of a clear correlation strengthen the suspicion that the observed broadening was majorly caused by growth rate dispersion. This
is additionally supported by the visibility of a highly anisotropic crystal
surface and in some cases also a rough crystal contour. These effects are
believed to originate from the sieve treatment that was applied to the
crystals before. An AFM study will be conducted in the future to enlighten the cause and potentially find a relation between surface defects
and growth rates.
Growth rates extracted from the 100 single crystal experiments can additionally be binned in order to obtain a growth rate distribution which can
be compared to the predicted distribution of Ochsenbein et al. (2013a).
This comparison is shown in Figure 6.61. The distribution may be used
to reevaluate the model used for the experiments shown in Section 6.4.2
in terms of using a growth dispersion model instead of a size dependent
growth rate expression.
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Figure 6.59: Growth of L-Glutamic acid β seeds in the hot stage at identical conditions. Different growth
rates can be observed, depending majorly on the crystal itself.
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calculated growth rate taken from Ochsenbein et al. (2013a).
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6.9

Proof of concept temperature cycle experiments for the control of particle shape
of β L-Glutamic acid.

Based on the successful application of the growth rate dispersion study
presented in the previous section, the concept of repeatedly applying
super- and undersaturation conditions to the same crystal by switchting
the temperature in the hot stage crystallizer below and above the saturation point as suggested by Lovette et al. (2012) has been investigated as
well. During these cycles one finds a complex interplay between growth
rates in length and width direction of the β L-glutamic acid needles and
dissolution rates in length and width direction as well. Considering the
overall mass balance, the question arises if, in total, more mass is added
then removed from a crystal during a temperature cycle.
Three proof of concept experiments have been carried out by following
the procedure described in the previous section. Again, a saturated solution at 30o C has been prepared in a 100 ml reactor by mixing equimolar
amounts of hydrochloric acid and the monosodium salt of L-glutamic
acid in water. A single β crystal was selected under a microscope and
carefully placed into the hot stage. Saturated solution was taken from
the 100 ml crystallizer and added to the stage by pressing the liquid
through a preheated 0.2 µm filter. The hot stage was closed and sealed.
Temperature cycles have been realized by changing the temperature to
25o C and keeping it for 60 minutes and heating the stage up to 35o C for
two minutes (red case) or three (blue case) minutes. Length and width
at the start and end of each cycle have been recorded and are presented
in Figure 6.62 in the L1 L2 plane.
Depending on the choice of operating conditions, one may move into different directions in this plane. This is illustrated by the three case studies
that are presented. Crystals can, in the absence of a dissolution block,
grow in width and length (green example). If dissolution and growth are
such that the crystal gains mass (overall), it may move upwards in the
L1 L2 plane (red case) which eventually reaches a situation where length
and width swing between two states. If conditions are such that the crystal gets thinner over time, it will eventually disappear (blue case) where
the aspect ratios increases considerably as the width approaches zero.
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Figure 6.62: L-Glutamic Acid temperature cycle results in the L1 L2
plane.
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Figure 6.63: Growth of L-Glutamic acid when the temperature is cycled such that the hot stage crystallizer
switched between a supersaturated and an undersaturated state. Letters a,b,c refer to the points marked in
the L1 L2 plane in Figure 6.62.
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Chapter 7

Concluding Remarks

7.1

Summary

It has been discussed that particle shape is an important product property of solids from suspension crystallization for the pharmaceutical and
fine chemistry industry. In order to accurately and robustly describe
crystals, different types of particle models have been developed. Two
kinds of measurement setups have been designed and built that allow to
either monitor the evolution of an entire particle ensemble with respect
to changes in size and shape or to observe single crystals under highly
controlled conditions. Image analysis protocols and tools to mathemathical describe shape distributions of crystals have been proposed. These
setups and methods have been extensively tested in a set of laboratory experiments and have been applied to a number of crystallization
problems.

7.2

Conclusions on the first generation setup

The development of the sampling loop setup and particle classification
protocol of the first generation setup was reported in Schorsch et al.
(2012) as a significant step forward in the capability of characterizing
the size and shape distributions, i.e. the multidimensional PSD, of a
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suspension of crystals during the crystallization process.
The measurement technique is both in-situ and non-invasive. The images
of the crystals are taken at an optimal solid density of the suspension
thanks to a sampling loop that has the theoretical provision of tuning the crystal density. The image analysis algorithm classifies first the
particles in prototypical classes (here spheres, needles and cuboids, but
more classes are being considered and added), then it estimates the characteristic lengths (one characteristic length for spheres, two for needles,
etc.), and finally it counts the number of particles with characteristic
lengths in pre-defined length intervals (the so called bins).
The effectiveness and accuracy of this protocol have been assessed through
a series of experiments involving latex and glass beads, and crystals
of different organic compounds. The different examples shown demonstrated the very promising performance of the instrument and of the
image analysis algorithm in characterizing both size and shape of the
crystals. We believe that these results pave the way for the development
of a robust technique to monitor crystallization that will allow to better
understand how crystal size and shape depend on the operating conditions of the process and how they can be controlled. A key step forward
in this direction will be the possibility of using the information about
the evolution of crystal size and shape to estimate model parameters
for a shape evolution model that, when coupled with population balance equations, allow to predict the final multidimensional PSD of the
product crystals.

7.3

Conclusions on the second generation
setup

A novel image acquisition setup and image processing procedure to allow
nD PSD measurements to characterize size and shape of organic crystals during crystal growth have been reported in Schorsch et al. (2014).
The setup is able to perform measurements online and to provide data
analysis in realtime for long experiments of more than 10 hours in a robust manner. Images are analyzed and contours are extracted, particles
are classified and specific characteristic lengths for each particle class
are calculated and stored in a database. Finally, an nD PSD can be
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reconstructed from the data and moments can be computed.
The accuracy of the procedure is demonstrated by comparing the results to a reference technique using latex beads of known size and was
found to be excellent. The setup is able to capture rapid changes in the
population of particles in a crystallizer which was proven by instantly
producing a bimodal distribution of glass beads which became visible
in the measurement in less than one minute after the addition. Also
for non-spherical particles the change in volume of a distribution can
be consistently followed which was shown by comparing the seed and
product distributions of sodium chloride crystals obtained by the FTC
with those found by a Coulter Multisizer. The non-invasive nature and
baseline of a PSD measurement was shown by measuring a population of
β L-glutamic acid crystals over time in a saturated solution. Repeatability for growth experiments was proven through seeded desupersaturation
experiments of the same substance. Finally, the potential for long term
monitoring of a 3D PSD was demonstrated using the example of cooling
crystallization of acetaminophen in water.
I believe that the reported setup and analysis protocol, together with
extensive modeling tools to understand the measurements, form a significant step towards advanced monitoring of nD PSD data. As has been
pointed out, a meaningful understanding of this measurement and the
crystallization process as a whole additionally requires insight into the
occuring phenomena. The presented advances with respect to accuracy,
speed and robustness allow for a comprehensive system characterization
(Ochsenbein et al., 2013a) and process optimization and control (Ochsenbein et al., 2013b) in a previously unrealizable fashion.
Finally, a few remarks concerning a potential industrial implementation of the presented quantitative measurement technique are given.
The current architecture represents a prototype tailored towards maximum flexibility and a commercial product would undoubtedly look different. In particular, the sampling loop, which is necessary in the current
laboratory-scale setup in order not to disturb the mass balance of the
system, would need to be in compliance with GMP regulations. However,
given the considerably lower impact of the sampling on the total crystal
mass in an industrial sized reactor, this direct recycling loop might also
be avoided. Rather, sampled particles might be redissolved and, after
a quality check, fed to the next batch. Such a procedure might allevi-
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ate concerns regarding possible contamination during the recirculation.
Another challenge is the implementation of the dilution system in an
industrial environment. The use of a separate dilution supply vessel that
provides a particle free liquid stream at (nearly) saturation conditions
represents a feasible alternative to the previously presented method. In
conclusion, although the prototype presented here is not yet directly
applicable in an industrial environment, but with great confidence its
concept can be fruitfully extended for scale-up and industrial application.

7.4

Conclusion on the kinetic growth parameter estimation

Growth kinetics for the needle-like β polymorph of L-glutamic acid both
in length and width direction were estimated from desupersaturation experiments using a morphological population balance model. The study
was reported in Ochsenbein et al. (2013a). ATR-FTIR data, together
with measurements of the multidimensional particle size distributions
obtained from the second generation imaging setup over time and under
varying process conditions were captured and used for the fitting. 13
laboratory experiments were performed, 11 of which were used to estimate parameters for supersaturation and temperature dependent growth
rates, while the remaining two experiments were used for verification
purposes. After observing several experiments, a size dependence of the
growth rate was conclusively identified and the model was adapted accordingly. Different functional forms for this dependence were considered.
Finally, after carefully analyzing parameter correlation, a model with five
parameters was identified as being an acceptable tradeoff between model
complexity and quality of fit.
The procedure outlined in that work yielded highly significant information which were supported by a large data set acquired under realistic
operating conditions and gathered from multiple, independent sources.
The parameters can now be used e.g. for (robust) shape optimization and
control. As the modeling and measurement of complex particle morphologies via various means is gaining interest, comprehensive studies on
real system behavior become of increased importance for further applic-
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ations. Emerging technologies in crystallization, such as imaging techniques, have great potential to expedite this process. Novel, sophisticated
imaging devices/analysis in conjunction with morphological models allow
to greatly improve knowledge on how to accurately predict the evolution
of crystal shape of populations of crystals while at the same time raising
new, challenging questions.

7.5

Conclusions on observing agglomeration
for β L-glutamic acid

Agglomeration is known to have potentially a tremendeous impact on the
overall product obtained from crystallization processes. Gaining insight
into this phenomenon can be achieved by employing imaging techniques.
An analysis protocol has been proposed that is based on machine learning strategies to automatically distinguish between primary particles and
agglomerates of β L-glutamic acid. A human generated training set of
1000 particles obtained from a GUI was used to teach a support vector
machine the difference between L-glutamic acid needles and agglomerates.
An experimental campaign has been launched based on two seed fractions with agglomeration degrees detected to be about 30%. Four desupersaturation experiments have been carried out starting from S0 = 5.
The continuous phase concentration has been monitored using ATRFTIR. A check of the repeatability has been performed and found to be
very good. It was observed that the agglomeration degree and the average particle size have drastically increased during these experiments.
For small seed particles the agglomeration degree has doubled, for large
seed particles it has even trippled. By looking at the primary particle
distributions of seed and product crystals, one notices that mostly large
primary particles vanish from the 2D PSD and become part of agglomerates. Results obtained up to this point seem to be very promising
and enhance the believe that the agglomeration kernel for this system
is highly size dependent. In a future study (Ochsenbein et al. (In preparation)) results from these experiments will be used to quantitatively
prove this assumption by fitting data to the PBE framework introduced
in Section 5.3.
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7.6

Conclusions on using facetted particle
models

An optimization-based approach to reconstruct the faceted morphology
of a crystal from two projections of it was presented in Schorsch et al.
(submitted). These projections were obtained from two different but coplanar observation directions. To investigate the influence of the geometry of the measurement device and the crystal’s shape, we have varied the angle between the two coplanar observation directions (the socalled stereo angle) and the orientation and morphology of the analyzed
particles. We have demonstrated that the approach works satisfactorily with a stereo angle of 90◦ by using simulated images of crystals of
five organic substances. In these cases, the procedure delivered nearly
perfect reconstructions of the input projections, except for rare cases
where particles were seen from unfavorable rotation where only an insufficient number of vertices is visible on the projections or where the
facets themselves were rather small. The rotational dependence was observed especially for platelet shaped particles. However, even in these
worst cases the error in the estimated sizes never exceeded 10%. In our
investigation of different stereo angles, we have found that a minimum
of 60◦ is required in order to obtain trustworthy facet size information
using our optimization based approach. It can be argued that the information content of the two projections decreases the smaller the stereo
angle becomes, so that the uniqueness of the solution to the optimization
problem disappears, i.e., a number of different orientations and size vectors yield indistinguishably similar projections when they are compared
to the measured projections. Consequently, a stereoscopic hot-stage apparatus that can be used to obtain high quality information about the
faceted morphology of a crystal should constructed with a stereo angle
of at least 60◦ .
Comparing calculated reprojections with photographs of crystals from
a real crystallization process (obtained using the setup presented in
Schorsch et al. (2014)) yields a satisfactory agreement with respect to the
reprojection error as well, however the correctness of the estimated facet
sizes appears questionable, since a shape change of the crystals that occured in a cooling crystallization experiment of Acetaminophen crystals,
that was clearly identifiable using generic model particles, could not be
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identified anymore. We believe that the growing crystals from a real crystallization experiment carried out in a crystallizer simply do not exhibit
a quality that a reconstruction of their faceted morphology is possible
from two projections. Therefore, we find that, at least for an on-line
measurement technique such as the flow through cell, generic particle
models yield a reasonable estimate of shape and size distributions for
many applications at a much lower computational cost that enables the
use of the measurement device for control purposes. However, we think
that a possible area of application of the proposed reconstruction method
could be in hot stage microscopy where the crystals grown are typically
of much higher quality.

7.7

Conclusions on using Minkowski Addition to model particle abrasion

This paragraph is taken from Reinhold et al. (2014). A novel particle
shape model was presented that is a combination of the common polytope representation of facetted crystals and the Minkowski addition of
a solid sphere to capture the effect of attrition during crystallization
processes that can lead to round particles. An image analysis procedure
based on the Hough transformation is employed to detect lines and fit
the particle model to images that have been obtained using the second
generation stereoscopic imaging setup. As a result, one obtaines a new
method to quantify the roundness of suspended particles during a crystallization process. The procedure was applied to three experiments for
attrition of potash alum crystals in water at different stirring rates. The
relative roundness of particles during experimental runs did increase, as
expected. However, the mean width has also increased which we hypothesize is due to the dissolution of fines that leads to the growth of large
particles.
In order to further investigate these phenomena and make use of the
Minkowski addition based particle model, two types of experimental
studies are envisioned. If conducting the same experiment in a nonsolvent, i.e., excluding the possibility of local supersaturation, one might
be able to identify a rate equation for the abrasion mechanism. Likewise,
employing a solvent together with a composition monitoring tool, i.e.,
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ATR-FTIR, the suspected overall growth rate of the rounded particle
portions could be estimated. These experiments can also help to support or disprove the dependence on the stirring rate. Additionally, a
dynamic model based on the new shape model might be developed to
investigate the potential of employing abrasion to enhance particle size
or shape based product features.

7.8

Conclusions on the development of custom Hot Stage microscopy setups

Following the surprising discoveries during the growth rate parameter
estimation of the β polymoprh of L-glutamic acid, demand existed for a
measurement setup that could allow to study single crystals under highly
controlled conditions in terms of temperature and absence of particle collisions. A first generation Hot Stage was constructed which was based
on a Peltier heating and cooling element which could be placed into a
microscope (equipped with a video camera) to allow for the online observation of crystal growth or dissolution. An image analysis protocol has
been developed that was able to account for the background (i.e., bottom
of the Hot Stage) and extract the outline of the crystal. The effectiveness of the tool was checked by monitoring the evolution of morphology
of sodium chloride when growing at different pH values in the presence
of Barbituric acid and was found to be excellent. In a second series of
laboratory tests, the size dependency of crystal growth of L-glutamic
acid was investigated and found to be rather a growth rate dispersion
than actual size dependent growth.
Within this study, the question of diffusion limitations arose and a second
generation setup was designed and consecutively constructed that featured a ring stirrer (i.e., stirring from the outside rather than from the
center of a crystallizer cell) to enhance the homogeneity of the continuous phase while still avoiding particle collisions. This novel setup even
enables the use of a second camera to obtain stereoscopic images which
will allow to implement the polytope reconstruction for measuring the
true 3D shape. A CFD simulation in combination with the option to
easily change the stirrer geometry enables the user to define the flow
pattern according to his needs. The final implementation of the setup
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does provide a unique platform to allow the study of single crystals for
example in the scope of a reachability and control study. Another application might be the validation of molecular modelling predictions or
the verification of the impact of various additives.

7.9

Outlook

The measurement setups and analysis protocols developed in this thesis
are reliable, sensitive as well as accurate and therefore recognized by
the scientific community as unique and valuable contributions. Using
these newly developed techniques, concepts and phenomena have been
uncovered that could not have been monitored in a quantitative fashion
prior to the project. Given these developments, additional opportunities
to ask and answer more complex questions have emerged, which are not
only of interest from a purely scientific point of view, but also possess
the potential to impact industrial applications.
These considerations can be categorized into two major research directions which I hope will be pursued in the near future, namely: the study
of single crystals and the evaluation of advanced shape manipulation concepts by unconventional processing techniques. The first point, initially
motivated by the unexpected discovery during the monitoring of crystal growth of particle ensembles (a significant broadening of the shape
distribution), might permit a focused, separate investigation of crystal
growth under idealized and highly controlled conditions. The resulting
information in turn might be used to shed light on the mechanistic details
affecting entire distributions. The second subject aims at expanding the
list of decision variables that allow tuning particle shape, e.g., through
the introduction of inline milling or temperature cycling.
Both subjects might profit from the knowledge and tools that have been
developed and would further advance the field of particle shape measurement, modeling, and control. With the tackling of more complex processes and an additional, heightened focus on the behavior of single crystals, a follow up project would continue to improve the understanding
of fundamental aspects of crystal shape evolution in crystallization processes as a whole.
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Chapter 8

Appendix

8.1

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22

Implementation of the Offline Analysis
Code

#include
#include
#include
#include
#include
#include
#include
#include

<c x c o r e . h>
<cvaux . h>
<h i g h g u i . h>
<i o s t r e a m >
<s t d i o . h>
<s t r i n g >
<d i r e n t . h>
<time . h>

using namespace s t d ;
using s t d : : s t r i n g ;
i n t main ( i n t a r g c , char ∗∗ a r g v )
{
/∗ Welcome Text ∗/
p r i n t f ( "#######################################\n " ) ;
p r i n t f ( " Welcome t o t h e o f f l i n e c o n t o u r e x t r a c t o r 1 . 1 by
S t e f a n S c h o r s c h ( 2 0 1 3 ) \n " ) ;
p r i n t f ( "We u s e openCV 2 . 1 \ n " ) ;
p r i n t f ( " Commandline o p t i o n s a r e o f f l i n e E x t r a c t o r /YOUR/
PATH THRESHOLD SAVECONTOUR(Y/N) " ) ;
p r i n t f ( "#######################################\n\n\n " ) ;
/∗ D e f i n e p o i n t y p o i n t e r s ∗/
I p l I m a g e ∗ myImg ;
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23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67

I p l I m a g e ∗ myGreyImg ;
I p l I m a g e ∗ myThresholdedImg ;
I p l I m a g e ∗ myContImg ;
FILE∗ i a R e s u l t = 0 ;
CvMemStorage∗ s t o r a g e = cvCreateMemStorage ( 0 ) ;
CvSeq∗ c o n t o u r = 0 ;
CvRect tmpRect ;
/∗ Wally Wally Wally d i r e c t o r y l i s t i n g code ∗/
DIR ∗ d i r ;
struct d i r e n t ∗ e n t ;
char c u r r e n t F i l e [ 8 0 ] ;
char c o n t o u r F i l e [ 8 0 ] ;
char c u r r e n t R e s u l t s [ 8 0 ] ;
i n t doContourSaving = 0 ;
int thresholdValue = 110;
s t r i n g myDirPath ;
i f ( argc < 2) {
p r i n t f ( " P l e a s e s p e c i f y t h e d i r e c t o r y t h a t we a r e
looking at : \ n" ) ;
g e t l i n e ( c i n , myDirPath ) ;
s t r i n g myContourAnswer ;
p r i n t f ( " \nWould you l i k e t o s a v e c o n t o u r e d images a s
w e l l ? ( y/n ) : \ n " ) ;
g e t l i n e ( c i n , myContourAnswer ) ;
i f ( myContourAnswer . compare ( " y " ) == 0 | | myContourAnswer
. compare ( " y e s " ) == 0 ) {
doContourSaving = 1 ;
}
s t r i n g myThresholdValue ;
p r i n t f ( " P l e a s e s p e c i f y t h e t h r e s h o l d v a l u e t h a t we
should use ( t y p i c a l l y 110) : \ n " ) ;
g e t l i n e ( c i n , myThresholdValue ) ;
t h r e s h o l d V a l u e = a t o f ( myThresholdValue . c _ s t r ( ) ) ;
} e l s e i f ( a r g c == 2 ) {
myDirPath = a r g v [ 1 ] ;
doContourSaving = 0 ;
thresholdValue = 110;
p r i n t f ( " Using no c o n t o u r s a v i n g and a t h r e s h o l d o f 110 " ) ;
} e l s e i f ( a r g c == 3 ) {
myDirPath = a r g v [ 1 ] ;
thresholdValue = a t o f ( argv [ 2 ] ) ;
doContourSaving = 0 ;
p r i n t f ( " Not s a v i n g c o n t o u r images " ) ;

234

68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112

} else {
myDirPath = a r g v [ 1 ] ;
thresholdValue = a t o f ( argv [ 2 ] ) ;
doContourSaving = 1 ;
p r i n t f ( " Saving contours ! " ) ;
}
const char∗ myDirPathPointer = myDirPath . c _ s t r ( ) ;
d i r = o p e n d i r ( myDirPathPointer ) ;
i f ( d i r != NULL) {
/∗ p r i n t a l l t h e f i l e s and d i r e c t o r i e s w i t h i n
d i r e c t o r y ∗/
while ( ( e n t = r e a d d i r ( d i r ) ) != NULL) {
i f ( s t r s t r ( ent−>d_name , " . png " ) > 0 )
{
/∗ Give some i n f o ∗/
p r i n t f ( " P r o c e s s i n g %s " , ent−>d_name ) ;
/∗ Prepare f i l e c h a r a r r a y s ∗/
currentFile [ 0 ] = 0;
currentResults [ 0 ] = 0;
contourFile [ 0 ] = 0;
s t r c a t ( c u r r e n t F i l e , myDirPathPointer ) ;
strcat ( currentFile , "/" ) ;
s t r c a t ( c u r r e n t F i l e , ent−>d_name ) ;
i f ( doContourSaving >0) {
strncat ( contourFile , currentFile , s t r l e n (
c u r r e n t F i l e ) −4) ;
s t r c a t ( c o n t o u r F i l e , " _contour . png " ) ;
}
/∗ Load Image ∗/
myImg = cvLoadImage ( c u r r e n t F i l e ) ;
/∗ Open o u t p u t ∗/
s t r c a t ( c u r r e n t R e s u l t s , myDirPathPointer ) ;
strcat ( currentResults , "/" ) ;
s t r n c a t ( c u r r e n t R e s u l t s , ent−>d_name , s t r l e n ( ent
−>d_name ) −4) ;
s t r c a t ( currentResults , " . csv " ) ;
i a R e s u l t = f o p e n ( c u r r e n t R e s u l t s , "w" ) ;
/∗ I n i t memory s p a c e ∗/
myGreyImg = cvCreateImage ( c v G e t S i z e ( myImg ) ,
IPL_DEPTH_8U, 1 ) ;
i f ( doContourSaving >0) {
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113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133

}

myContImg = cvCreateImage ( c v G e t S i z e ( myImg
) ,IPL_DEPTH_8U, 3 ) ;
myContImg = cvCloneImage ( myImg ) ;

/∗ Col or t o G r e y s c a l e and c l o n i n g ∗/
cvCvtColor ( myImg , myGreyImg ,CV_BGR2GRAY) ;
myThresholdedImg = cvCloneImage ( myGreyImg ) ;
c v T h r e s h o l d ( myGreyImg , myThresholdedImg ,
t h r e s h o l d V a l u e , 2 5 5 ,CV_THRESH_BINARY) ;
cvFindContours ( myThresholdedImg , s t o r a g e ,&
c o n t o u r , s i z e o f ( CvContour ) ,CV_RETR_LIST,
CV_CHAIN_APPROX_SIMPLE, c v P o i n t ( 0 , 0 ) ) ;
i n t n=0;
f o r ( CvSeq∗ c=c o n t o u r ; c !=NULL; c=c−>h_next ) {
i f ( ( ( c−>f l a g s & CV_SEQ_FLAG_HOLE) != 0 )
&& c−>t o t a l > 5 0 ) {
tmpRect = cvBoundingRect ( c ) ;
f p r i n t f ( i a R e s u l t , "%d,%d " , tmpRect . x ,
tmpRect . x+tmpRect . width ) ;
i f ( doContourSaving >0) {
cvDrawContours ( myContImg , c ,CV_RGB
( 2 5 5 , 0 , 0 ) ,CV_RGB( 0 , 0 , 2 5 5 )
,0 ,12 ,8) ;
}

134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151

}
n++;

f o r ( i n t i =0; i <c−>t o t a l ; ++i ) {
CvPoint ∗ p = CV_GET_SEQ_ELEM(
CvPoint , c , i ) ;
f p r i n t f ( i a R e s u l t , " ,%d,%d " , p−>x ,
p−>y ) ;
}
f p r i n t f ( i a R e s u l t , " ,%d , " , 0 ) ;

}
i f ( doContourSaving >0) {
cvSaveImage ( c o n t o u r F i l e , myContImg ) ;
}
c v R e l e a s e I m a g e (&myImg ) ;
c v R e l e a s e I m a g e (&myThresholdedImg ) ;
c v R e l e a s e I m a g e (&myGreyImg ) ;
i f ( doContourSaving >0){
c v R e l e a s e I m a g e (&myContImg ) ;
}
f p r i n t f ( i a R e s u l t , "%d " , 0 ) ;
fc lose ( iaResult ) ;
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152
153
154
155
156
157
158
159
160
161
162
163 }

p r i n t f ( " − done \n " ) ;
}
}
closedir ( dir ) ;
} else {
p r i n t f ( " Wrong d i r e c t o r y " ) ;
return EXIT_FAILURE ;
}
return 0 ;
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8.2

Implementation of the Real Time Code
(modified save function)

Line of code starting at 534
1 void
2 SavePPM( chain_t ∗ s a v e _ s e r v i c e , FILE ∗ f d )
3 {
4
i n t width , h e i g h t , b i t C o u n t e r , p i x e l C o u n t e r ;
5
width = s a v e _ s e r v i c e −>c u r r e n t _ b u f f e r −>frame . s i z e [ 0 ] ;
/∗ 2452 ∗/
6
h e i g h t = s a v e _ s e r v i c e −>c u r r e n t _ b u f f e r −>frame . s i z e [ 1 ] ;
/∗ 2054 ∗/
7
unsigned char ∗ gray_data = s a v e _ s e r v i c e −>
c u r r e n t _ b u f f e r −>frame . image ;
8
9
i f ( ( ( i n t ) s a v e _ s e r v i c e −>c u r r e n t _ b u f f e r −>c a p t i m e _ s t r i n g
[ 1 3 ] − 4 8 )==0 && ( ( i n t ) s a v e _ s e r v i c e −>c u r r e n t _ b u f f e r
−>c a p t i m e _ s t r i n g [ 1 4 ] − 4 8 ) ==0) {
10
f p r i n t f ( fd , " P5\n#C r e a t e d by S t e f a n \ n2452
2054\ n255 \n " ) ;
11
f w r i t e ( gray_data , 5 0 3 6 4 0 8 , 1 , f d ) ;
12
} else {
13
I p l I m a g e ∗ myCurrentImg ;
14
I p l I m a g e ∗ myThresholdedImg ;
15
16
CvMemStorage∗ s t o r a g e = cvCreateMemStorage ( 0 )
;
17
CvSeq∗ c o n t o u r = 0 ;
18
CvRect tmpRect ;
19
20
myCurrentImg = cvCreateImage ( c v S i z e ( width ,
h e i g h t ) ,IPL_DEPTH_8U, 1 ) ;
21
myCurrentImg−>imageData = s a v e _ s e r v i c e −>
c u r r e n t _ b u f f e r −>frame . image ;
22
23
myThresholdedImg = cvCloneImage ( myCurrentImg )
;
24
25
c v T h r e s h o l d ( myCurrentImg , myThresholdedImg
, 1 4 5 , 2 5 5 ,CV_THRESH_BINARY) ;
26
cvFindContours ( myThresholdedImg , s t o r a g e ,&
c o n t o u r , s i z e o f ( CvContour ) ,CV_RETR_LIST,
CV_CHAIN_APPROX_SIMPLE, c v P o i n t ( 0 , 0 ) ) ;
27
28
int sequenceCounter = 0 ;
29
int pointCounter ;
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30
31
32
33
34
35
36
37
38
39

40
41
42
43
44
45
46
47
48
49
50
51
52
53 }

}

CvSeq∗ c=c o n t o u r ;
while ( c !=NULL) {
// Check i f we a r e i n s i d e our ROI
i f ( ( ( c−>f l a g s & CV_SEQ_FLAG_HOLE) !=
0 ) && c−>t o t a l > 1 0 ) {
tmpRect = cvBoundingRect ( c , 0 )
;
// z−t o p : tmpRect . x ; z−bottom
: tmpRect . x+tmpRect . w i d t h
f p r i n t f ( fd , "%d,%d " , tmpRect . x ,
tmpRect . x+tmpRect . width ) ;
pointCounter = 0 ;
while ( p o i n t C o u n t e r <c−>t o t a l )
{
CvPoint ∗ p =
CV_GET_SEQ_ELEM(
CvPoint , c ,
pointCounter ) ;
f p r i n t f ( fd , " ,%d,%d " ,
p−>x , p−>y ) ;
p o i n t C o u n t e r ++;
}
f p r i n t f ( fd , " ,%d , " , 0 ) ;
}
c=c−>h_next ;
s e q u e n c e C o u n t e r ++;
}
f p r i n t f ( fd , " 0 " ) ;
c v R e l e a s e I m a g e (&myCurrentImg ) ;
c v R e l e a s e I m a g e (&myThresholdedImg ) ;
cvReleaseMemStorage (& s t o r a g e ) ;
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